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ABSTRACT 

Rapid  cost  escalation  and  structural  change  have  created  new  incentives  for  health  care 
providers  in  every  country,  hi  the  United  States,  the  hospital  sector  has  experienced  the 
growth  of  managed  care,  formation  of  provider  networks,  and  the  increased  specialization 
of  hospitals,  hi  Kazakhstan,  alternative  revenue  sources,  such  as  out-of-pocket  payments, 
have  become  widespread  because  of  a  reduction  in  available  revenues.  This  thesis, 
organized  into  three  essays,  provides  new  insights  into  how  hospital  quality  and  cost 
efficiency  have  reacted  to  recent  dynamics  in  the  United  States,  and  into  how  the 
increasing  burden  of  out-of-pocket  payments  for  pharmaceuticals  has  affected  consumers 
in  Kazakhstan. 

The  first  essay  examines  the  impact  of  managed  care  and  hospital  competition  on 
quality  using  data  from  3868  hospitals  in  16  States  fi-om  1992  to  1997.  Hospital  quality  is 
measured  by  in-hospital  complication  rates  such  as  adverse  and  iatrogenic  complications, 
wound  infections,  and  inappropriate  surgical  operations  among  admissions  for  specified 
conditions.  Panel  data  and  instrumental  variable  techniques  are  used  to  show  that  higher 
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hospital  market  share  and  market  concentration  are  associated  with  lower  quality  of  care. 
In  contrast  to  conventional  belief,  higher  managed  care  penetration  is  not  associated  with 
lower  quality. 

The  second  essay  focuses  on  hospital  cost  efficiency.  The  approach  improves  upon 
the  previous  literature,  which  has  often  used  only  cross  sectional  data  and  hence  cannot 
adequately  control  for  hospital  unobserved  characteristics.  The  current  study  applies  a 
stochastic  frontier  approach  and  relaxes  time  invariance  and  distributional  assumptions 
for  hospital  effects,  friefficiency  is  estimated  using  a  7-year  panel  data  set  from  Florida. 
Higher  managed  care  penefration  over  time  is  associated  with  greater,  not  lower,  hospital 
efficiency.  Although  inefficiency  increases  with  market  concentration,  it  disappears  with 
a  fiirther  increase  in  market  concentration. 

The  final  essay  of  the  thesis  investigates  patterns  of  prescribed  pharmaceutical 
spending  and  its  impacts  on  different  population  groups  using  a  household  survey  in 
Kazakhstan.  Results  from  a  two-part  model  suggest  that  pharmaceutical  spending  is 
positively  related  to  poor  health  status,  chronic  illness,  and  residence  in  rural  areas.  The 
chapter  also  evaluates  feasibility  of  alternative  policies,  which  are  under  consideration  by 
the  government  and  the  World  Bank. 
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Chapter  1 :  Do  Managed  Care  and  Competition  Improve  Quality? 
Evidence  from  US  Hospital  Markets 


1.1  Introduction 

Since  the  mid-1980s  the  US  health  care  industry  has  experienced  a  rapid  growth  of 
managed  care.  Managed  care  organizations  provide  coverage  for  health  care  through  a 
predetermined  network  of  providers.  Their  ability  to  direct  patients  towards  selected 
providers  gives  them  power  to  extract  lower  prices.  Although  this  feature  of  managed 
care  is  considered  as  a  convenient  way  to  control  health  care  costs  within  both  public  and 
private  sectors,  it  is  not  clear  whether  cost  saving  is  achieved  at  the  expense  of  quality. 

The  growth  of  managed  care  has  been  accompanied  by  an  increase  in  provider 
networks  and  an  integration  of  hospitals.  In  recent  years,  extensive  horizontal 
consolidation  of  hospitals  has  occurred  in  the  US  health  care  market.  From  1994  to  1996, 
2153  hospitals,  almost  41  percent  of  all  hospitals,  were  involved  in  649  mergers, 
acquisitions,  joint  ventures  or  partnerships.  There  were  more  than  200  hospital  mergers  in 
1997  alone  (Haas- Wilson  and  Gaynor  1998). 

This  recent  dynamic  in  hospital  markets  has  received  a  great  deal  of  attention  from 
antitrust  enforcement  agencies,  but  only  limited  attention  from  researchers.  Most  of  the 
previous  studies  focus  on  the  impact  of  market  concentration  on  hospital  pricing  and  cost 
efficiency.  Despite  numerous  studies  on  these  issues,  there  exists  a  very  limited  literature 
on  the  impact  of  market  concentration  on  quality  (Gowrisankaran  and  Town  2000;  Ho 
and  Hamilton  2000;  Kessler  and  McClellan  2000). 
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Kessler  and  McClellan  (2000)  conclude  that  competition  in  hospital  markets 
significantly  reduced  the  adverse  health  outcomes  after  1990.  On  the  other  hand,  Ho  and 
Hamilton  (2000)  assert  that  recent  mergers  have  not  had  a  detrimental  impact  on  quality. 
Gowrisankaran  and  Town  (2000)  suggest  a  more  complex  result:  competition  reduces 
adverse  health  outcome  only  for  Health  Maintenance  Organization  (HMO)  patients  but 
not  for  Medicare  enroUees.  These  results  suggest  that  impact  of  market  concentration  on 
quality  is  inconclusive,  and  requires  further  analysis.  Given  that  we  observe  extensive 
horizontal  consolidation,  studying  quality  consequences  of  market  concentration  in 
hospital  markets  is  also  crucial  from  an  antitrust  policy  perspective.  For  instance,  even  a 
merger  that  results  in  a  substantial  cost  reduction  without  any  impact  on  market  price 
may  still  diminish  the  social  welfare  through  a  reduction  in  quality.  Hence  considering 
only  cost  and  price  impacts  of  a  merger  may  result  in  a  misleading  conclusion  in  terms  of 
social  welfare. 

This  chapter  aims  to  test  the  impact  of  market  concentration  and  managed  care 
penetration  on  quality.  In  order  to  calculate  quality  indicators,  I  use  the  largest  currently 
available  inpatient  care  database  from  up-to  16  states  for  the  1992-1997  period.  The 
quality  measures  applied  here  are  directly  based  on  patient  outcomes  rather  than  inputs 
provided  to  the  patient  during  the  treatment.  They  capture  outcome,  utilization  and  access 
dimensions  of  quality,  therefore  more  comprehensive  than  existing  outcome-based 
indicators.  Based  on  particular  diagnoses,  procedures,  or  their  combinations,  these 
indicators  identify  the  complications  that  occurred  during  the  treatment  from  patient 
discharge  records.  A  few  examples  are  incidental  appendectomy  among  elderly. 
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reopening  a  surgical  site  following  another  major  surgery,  post-procedural  hemorrhage, 
medication  incidents,  wound  infections  and  equipment  failures. 

In  order  to  analyze  the  quality  differences  among  hospitals,  it  is  important  that  one 
should  appropriately  control  the  severity  differences  of  admitted  patients.  If  severity 
differences  are  not  controlled  properly,  high-quality  providers  that  are  more  attractive  for 
severely  ill  patients  will  be  observed  in  a  way  that  does  not  accurately  reflect  differences 
in  quality  among  hospitals.  Hence  it  is  crucial  to  distinguish  the  source  of  observed 
differences,  whether  they  are  due  to  differences  in  quality  or  due  to  umneasured  clinical 
differences  among  admitted  patients.  For  this  purpose,  I  use  the  Healthcare  Cost  and 
Utilization  Project  Quality  Indicators  (HCUP  QIs)  as  quality  measures.  In  the  calculation 
of  these  measures,  unmeasured  clinical  differences  are  controlled  in  two  different  ways. 
The  population  at  risk  is  refined  to  include  a  relatively  homogenous  group  of  patients. 
These  risk  pools  serve  as  a  mechanism  to  stratify  and/or  adjust  the  risks  of  various 
hospital  populations.  For  some  patient  groups,  however,  heterogeneity  is  unavoidable 
even  after  defining  appropriate  risk  pools.  In  these  cases,  the  rates  are  standardized  using 
proportions  of  different  type  of  patients  as  weights.  Section  1.4  provides  an  extensive 
discussion  of  these  issues. 

The  rest  of  the  chapter  is  organized  as  follows:  I  provide  a  brief  review  of  literature 
in  the  following  section.  Quality  measures  used  in  this  chapter  are  discussed  in  greater 
detail  in  section  1.3.  In  section  1.4, 1  discuss  the  data,  estimation  issues  and  the  sensitivity 
of  results  to  different  assumptions.  Section  1.5  provides  the  findings  fi-om  section  1.4. 
The  last  section  is  devoted  to  a  brief  conclusion  and  discussion. 
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1.2      Previous  Literature 

The  roles  of  managed  care  and  its  effect  on  quality  of  care  have  been  extensively 
discussed  in  previous  studies.  But  most  of  these  efforts  neglect  the  role  of  provider 
integration.  The  few  studies  that  discuss  the  role  of  both  managed  care  and  consolidation 
on  quality  are  briefly  discussed  here. 

1.2.1    Managed  Care  and  Quality  of  Care 

The  role  of  managed  care  and  its  effectiveness  in  controlling  cost  is  well-established 
(Feldman  2000;  Gaskin  and  Hadley  1997;  Zwanziger  and  Melnick  1988).  The  concern 
about  the  managed  care  is  whether  it  deteriorates  the  quality  of  care  (Feldman  2000). 
Although  most  of  the  evidence  is  anecdotal,  there  is  a  widespread  negative  opinion  about 
the  quality  of  care  provided  through  managed  care  plans.  Blendon  et  al.  (1998)  reviews 
more  than  20  studies  from  1995  to  1997.  They  state  that  45  percent  of  Americans  believe 
that  managed  care  decreases  the  quality  of  care,  while  32  percent  report  that  managed 
care  improves  the  quality.  The  same  study  argues  that  55  percent  of  managed  care 
enroUees  are  worried  that  their  plan  is  more  concerned  about  saving  money  than  about 
providing  the  best  medical  treatment. 

Miller  and  Lull  (1994)  review  the  literature  on  the  health  care  utilization, 
expenditure,  quality  of  care  and  satisfaction  between  managed  care  and  indemnity  plans 
in  the  post- 1980  period.  They  conclude  that  HMO  plans  compared  with  indemnity  plans 
have  lower  hospital  admissions,  1  percent  to  2  percent  shorter  hospital  stays,  the  same  or 
more  physician  visits  per  enroUee,  less  use  of  expensive  procedures  and  tests,  greater  use 
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of  preventive  services.  The  results  are  inconclusive  in  terms  of  outcome  measures. 
However  in  terms  of  patient  satisfaction  managed  care  plans  are  less  likely  to  be 
preferred  compared  with  indemnity  plans.  Miller  and  Luft  (1994,  p.  1516)  conclude  that 
"the  HMO  and  indemnity  plans  provided  enroUees  with  roughly  comparable  quality  of 
care,  according  to  process  and  outcome  measures". 

Hellinger  (1998)  reviews  recent  literature  about  the  impact  of  managed  care  on  three 
dimensions  of  quality:  effectiveness  of  care,  satisfaction  with  care  and  access  to  care. 
Almost  all  studies  reviewed  by  Hellinger  conclude  that  there  is  no  significant  difference 
on  outcome  measures  between  managed  care  and  indemnity  insurance  plan  enroUees. 
Other  studies  also  do  not  provide  evidence  against  managed  care  performance  when 
quality  is  measured  by  outcome  of  treatment  (Cutler,  McClellan,  and  Newhouse  2000; 
Miller  and  Luft  1997;  Robinson  2000).  However,  some  studies  reviewed  in  Hellinger 

(1998)  point  out  that  managed  care  may  adversely  affect  the  health  of  some  vulnerable 
populations.  Miller  and  Luft  (1997)  also  call  attention  to  several  studies  showing 
systematically  lower  quality  for  Medicare  enroUees  with  chronic  conditions.  These 
evidences  suggest  that  managed  care  provides  different  quality  for  different  services  and 
population  groups. 

A  serious  weakness  of  the  literature  on  quality  of  care  has  been  its  focus  on  mortality 
rates  or  process  quality  as  indicators  for  quality  of  care.  One  exception  is  Haile  and  Stein 

(1999)  .  They  use  in-hospital  complication  rates  as  quality  measures,  which  identify  the 
outcome  directly  from  patient  discharge  records.  Their  paper  uses  patient  level  discharge 
data  from  California  to  study  differences  in  complication  rates  between  managed  care  and 
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FFS  patients.  They  conclude  that  the  differences  in  care  arise  at  the  hospital  level.  HMO 
and  FFS  patients  are  treated  similarly  within  a  given  hospital,  but  there  are  significant 
differences  in  care  across  hospitals  that  are  related  to  each  hospital's  mix  of  insurance 
types. 

Although  Haile  and  Stein  point  out  the  possibility  of  selection  bias,  they  do  not 
provide  a  satisfactory  solution.  Managed  care  plans  are  generally  viewed  as  being 
attractive  for  young  and  healthier  patients  (Cutler  1994;  Glied  2000;  Newhouse  1996). 
These  plans  may  also  encourage  low  cost  patients  and  discourage  high  cost  patients  by 
distorting  quality  for  certain  services.  As  a  result,  if  selection  effects  are  not  controlled 
properly,  coefficient  estimates  for  managed  care  performance  in  terms  of  quality  will  be 
biased  upward.  It  is  important  to  control  for  selection  to  managed  care  plans  in  order  to 
compare  the  performance  of  different  plans. 

Additionally  these  plans  may  attempt  to  deter  high  cost  patients  by  providing  less 
access  for  certain  groups  of  services'.  Baker  and  Brown  (1999)  provide  evidence  in  this 
direction  in  their  study  of  the  impact  of  HMO  market  share  on  quality  of  mammography 
services.  They  point  out  that  the  waiting  time  for  a  mammography  screening  appointment 
rises  with  increasing  HMO  market  share.  This  finding  is  consistent  with  the  predictions 
of  Frank,  Glazer  and  McGuire  (2000).  They  develop  a  model  of  capitated  managed  care 
health  plans  in  which  capitation  payment  creates  an  incentive  to  attract  profitable 


'  Risk-adjusted  payments  to  managed  care  plans  do  not  provide  a  complete  solution  to  this  problem  since 
payments  are  adjusted  according  to  observable  characteristics  of  the  patients.  Glazer  and  McGuire  (2000) 
point  out  the  importance  of  refinement  of  conventional  risk  adjusted  payments  in  order  to  address  this 
adverse  selection  problem. 
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enrollees  and  to  discourage  costly  patients. 

The  key  insight  of  Frank,  Glazer  and  McGuire  (2000)  is  that  it  is  not  surprising  that 
previous  hterature  does  not  provide  a  consistent,  and  unique  conclusion  about  the 
performance  of  managed  care  plans  in  terms  of  quality.  The  conclusion  drawn  from 
earlier  studies  differs  by  quality  measures  or  dimensions  of  quality  measured  or  by 
different  health  services  studied  ^.  This  paper  sheds  light  on  this  controversial  issue  while 
utilizing  more  comprehensive  quality  measures. 

1 .2.2    Provider  Competition  and  Quality  of  Care 

Numerous  studies  examine  the  impact  of  market  concentration  on  hospital  pricing  and 
cost  efficiency  without  reaching  a  consensus  about  its  impact.  (Dranove  and  Ludwick 
1999;  Gaskin  and  Hadley  1997;  Keeler,  Melnick,  and  Zwanziger  1999;  Lynk  1995; 
McLaughlin  1988;  Melnick  et  al.  1992;  Zwanziger  and  Melnick  1988).  In  general  these 
studies  suggest  that  there  has  been  a  shift  away  from  non-price  competition  towards 
intensive  price-competition  in  the  late  1980s  due  to  major  changes  in  hospital 
reimbursement  schemes  (Dranove  and  White  1994;  Gaynor  and  Vogt  2000).  Despite  the 
popularity  of  research  on  hospital  pricing  and  cost,  the  impact  of  concentration  on  quality 
of  care  has  received  little  attention  from  researchers.  Relatively  few  studies  explore  these 


^  For  instance,  Erickson  et  al.  (2000)  provide  evidence  against  managed  care  plans  in  heart  surgeries.  They 
compare  the  proportion  of  patients  with  managed  care  and  fee-for-service  (FFS)  plans  who  undergo  heart 
surgery  at  lower  mortality  hospitals  in  New  York  State.  They  conclude  that  managed  care  patients  are 
significantly  less  likely  to  use  lower  mortality  hospitals  for  heart  surgery  than  FFS  patients. 
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issues  (Gowrisankaran  and  Town  2000;  Ho  and  Hamilton  2000;  Kessler  and  McClellan 
2000). 

Ho  and  Hamilton  (2000)  compare  the  quality  of  hospital  care  before  and  after 
mergers  and  acquisitions  in  California  between  1992  and  1995.  They  use  inpatient 
mortality  for  heart  attack,  90-day  readmission  for  heart  attack  patients  and  discharge 
within  48  hours  for  normal  newborn  babies.  Although  the  authors  argue  that  recent 
mergers  have  not  had  a  detrimental  impact  on  the  quality  of  patient  care,  they  point  out 
the  need  for  fiirther  analysis.  Kessler  and  McClellan  (2000)  develop  a  model  to  estimate 
the  effects  of  hospital  competition  on  costs  and  health  outcomes  for  all  non-rural  elderly 
Medicare  patients  hospitalized  for  a  treatment  of  a  new  heart  attack  in  1985-1994.  They 
use  a  hospital  choice  model  to  construct  competition  indices  for  each  hospital  .  They 
conclude  that  the  positive  impact  of  competition  on  adverse  health  outcomes  is  not  strong 
before  1990,  but  after  1990  competition  significantly  reduces  the  adverse  health 
outcomes.  Gowrisankaran  and  Town  (2000)  apply  the  same  methodology  to  estimate  the 
effects  of  competition  on  the  quality  of  hospitals  in  Southern  California.  However,  they 
reach  a  conclusion  that  competition  reduces  risk-adjusted  hospital  mortality  rates  for 
HMO  patients  but  increases  the  mortality  rates  for  Medicare  enroUees.  Based  on  this 
result,  they  argue  that  the  impact  of  competition  on  quality  depends  on  hospitals'  control 
over  reimbursement  rates.  If  the  reimbursement  rates  are  too  low,  hospitals  may  not  have 


'  They  allow  each  individual's  potentially  relevant  geographic  hospital  market  to  include  all  nonfederal 
hospital  within  35  miles  from  patients  residence  or  100  miles  for  large  and  teaching  hospitals.  Therefore  the 
hospital  market  competitiveness  is  assumed  to  be  a  function  of  predicted  patient  flows  from  a  hospital 
choice  model. 
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an  incentive  to  compete  for  Medicare  patients  through  a  better  quaHty  of  care. 

These  results  suggest  that  impact  of  market  concentration  on  quahty  is  ambiguous, 
hence  requires  further  analysis.  Knowing  the  fact  that  there  are  significant  numbers  of 
horizontal  consolidation  in  hospital  markets,  studying  quality  consequences  of  market 
concentration  is  also  crucial  from  an  antitrust  policy  perspective. 

This  paper  differs  from  the  previous  studies  in  two  respects:  First,  including  Ho  and 
Hamilton  (2000)  and  Gowrisankaran  and  Town  (2000),  most  studies  use  data  from 
California  only.  I  use  a  panel  data  from  up-to  16  states  for  1992-1997  period.  Second,  the 
studies  mentioned  earlier  use  mortality  rates  and/or  readmission  rates  as  quality 
indicators.  These  indicators  may  be  too  restrictive  in  capturing  different  dimensions  of 
quality.  Alternatively,  I  use  in-hospital  complication  based  quality  measures,  which  are 
directly  calculated  from  patient  discharge  records. 

1.3      Quality  Indicators 

Theoretical  models  in  industrial  organization  literature  state  that  consumers,  even  with 
imperfect  information  on  quality,  use  advertising,  introductory  price  and/or  past  quality 
of  the  product  produced  by  the  firm  as  a  signal  to  predict  the  present  quality  (Milgrom 
and  Roberts  1986;  Shapiro  1983).  Although  it  is  possible  that  one  may  infer  quality  from 
previous  experience  in  most  commodities,  it  seems  less  likely  for  health  care  services. 
Besides  other  distinctive  features,  virtually  all  the  special  characteristics  of  health  care 
arise  from  the  prevalence  of  uncertainty  and  risk.  Quality  uncertainty  is  more  intense  in 
health  care  than  for  most  other  goods  and  services  (Arrow  1963). 
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Many  studies  evaluate  outcomes  in  health  care  markets  with  asymmetric  information 
where  measuring  the  quality  is  one  of  the  major  problems.  In  general,  researchers  use 
three  different  criteria:  input  quality  as  measured  by  staffing  and  equipment,  process 
quality  measured  by  length  of  stay,  number  of  procedures,  number  of  tests  performed  and 
follow-up  visits,  and  output  quality  measured  by  the  outcome  of  treatment  (Dranove  and 
White  1994). 

Several  studies  use  input  and  process  quality  rather  than  output  quality  (Lynk  1995; 
Retchin  and  Brown  1990a;  Retchin  and  Brown  1990b;  Retchin  and  Brown  1991).  Other 
than  length  of  stay  or  number  of  procedures,  using  most  of  other  input  and  process 
criteria  requires  a  substantial  amount  of  time  and  money.  More  importantly,  these  quality 
measures  may  include  subjective  views  of  the  practicing  physicians.  Length  of  stay, 
numbers  of  test  or  procedures  performed  may  not  always  reflect  higher  quality  but 
differences  in  practice  style  or  in  efficiency  (Dranove  and  Ludwick  1999). 

An  alternative  to  input  and  process  based  criteria  is  outcome-based  criterion,  which 
directly  uses  patient  outcomes  rather  than  inputs  provided  by  physicians.  As  stated  in 
Dranove  and  White  (1994),  outcome  quality  is  the  ultimate  concern  for  patients.  Among 
all,  mortality  rate  is  one  of  the  most  commonly  used  outcome-based  measures  of  hospital 
quality  (Cutler  1995;  Dubois  et  al.  1987;  Erickson  et  al.  2000;  Gowrisankaran  and  Town 
2000;  Gowrisankaran  and  Town  1999;  Riley,  Lubitz,  and  Rabey  1991).  However, 
mortality  is  not  a  meaningful  indicator  of  quality  in  many  clinical  contexts,  especially  in 
outpatient  treatments  and  hospitalization  involving  younger  patients.  It  is  a  less  reliable 
measure  for  all  types  of  patients  since  mortality  is  observed  frequently  only  for  certain 
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types  of  patients  (Luft  and  Romano  1993).  It  is  also  difficult  to  control  for  unobserved 
patient  severity  and  to  account  for  patient  preferences  about  heroic  treatment  measures. 
As  a  result  mortality  rate  leads  to  biased  and  unfair  results.  In  order  to  deal  with  these 
drawbacks,  one  can  use  more  comprehensive  outcome-based  criteria.  The  next  section 
reviews  the  outcome-based  measures  used  in  this  study. 

1 .3. 1    Healthcare  Cost  and  Utilization  Project  Quality  Indicators 

Both  the  Healthcare  Cost  and  Utilization  Project  Quality  Indicators  (HCUP  QIs),  and  the 
Complication  Screening  Program  (see  Haile  and  Stein  1999;  lezzoni  et  al.  1992;  1994a; 
1994b)  are  two  possible  alternative  outcome-based  measures,  both  of  which  directly 
depend  on  patient  outcomes  and  use  administrative  data.  This  paper  uses  HCUP  QIs  to 
measure  hospital  quality  during  inpatient  treatment.  These  measures  are  more 
comprehensive  than  other  available  measures  including  the  Complication  Screening 
Program  (CSP).  Although  CSP  captures  only  outcome  dimension  of  quality,  the  HCUP 
QIs  account  for  three  different  dimensions  of  quality:  outcome,  access  to  care,  and 
utilization  and  appropriateness  of  care.  Additionally,  most  of  the  indicators  in  HCUP  QIs 
are  modified  fi^om  CSP  and  other  existing  indicators.  For  instance  instead  of  directly 
adapting  risk-adjusted  inpatient  mortality,  HCUP  QIs  focus  on  mortality  rates  in  common 
procedures  that  are  expected  to  carry  a  low  risk  of  mortality. 

HCUP  QIs  identify  complications  based  on  the  procedures  and  diagnoses  in  the 
hospital  discharge  record  of  each  patient.  The  algorithm  considers  not  only  specific 
complicating  diagnosis  codes  but  also  other  diagnosis  and  procedure  codes  that  could 
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indicate  potential  complications  of  care.  It  searches  for  particular  diagnoses,  procedures, 
or  their  combinations,  which  suggest  that  a  preventable  or  potentially  preventable 
complication  occurred  during  patient's  hospital  stay. 

Although  HCUP  QIs  have  some  advantages  over  other  existing  alternatives,  they 
only  provide  an  alternative  quality  measures,  a  method  to  screen  for  complications  of 
care  that  may  be  minimized  by  improving  care  or  potentially  be  preventable.  The  validity 
testing  of  HCUP  QIs  is  incomplete  and  the  project  funded  by  the  Agency  for  Healthcare 
Research  and  Quality  (AHRQ)  is  expected  to  be  completed  in  2002  (Agency  for 
Healthcare  Research  and  Quality  2000). 

These  indicators  consist  of  33  complications,  including  post-procedural  hemorrhage, 
wound  infections,  medication  incidents,  post-operative  pneumonia,  reopening  a  surgical 
site  following  another  major  surgery,  and  equipment  failures  (see  Table  1.1).  By  using 
diagnosis-related  groups  (DRGs)  or  International  Classification  of  Diseases,  Ninth 
Revision,  Clinical  Modification  (ICD-9-CM)  procedure  codes,  risk  pools  are  created  to 
identify  patients  at  risk  for  specific  quality  problems.  Each  of  the  33  complications  is 
assigned  to  appropriate  risk  pools  in  order  to  create  homogenous  patient  groups  and 
therefore  to  control  for  patient  severity  differences  across  hospitals. 

The  QIs  are  calculated  as  the  number  of  discharges  for  the  outcome  of  interest 
divided  by  the  number  of  discharges  in  the  population  at  risk  for  that  outcome.  The 
outcome  of  interest  is  the  particular  condition  or  procedure  of  interest  and  the  population 
at  risk  is  the  pool  from  which  the  outcome  is  drawn.  For  instance.  Wound  infection 
identifies  diagnoses  or  procedures  that  suggest  a  possible  complication  resulting  from 
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Table  1 . 1      HCUP  Quality  Indicators 


A.  Outcome:  Potentially  avoidable  adverse  hospital  outcomes 
In-hospital  mortality  following  common  elective  procedures: 

Hysterectomy 

Laminectomy/spinal  fusion 

Cholecystectomy 

Transurethral  prostatectomy 

Hip  replacement 

Knee  replacement 
Obstetrical  complications 
Adverse  effects  and  iatrogenic  complications 
Wound  infection 

Complications  among  surgical  patients 

Pulmonary  compromise  after  major  surgery 

Acute  myocardial  infarction  after  major  surgery 

Gastrointestinal  hemorrhage  or  ulceration  after  major  surgery 

Venous  thrombosis  or  pulmonary  embolism  after  major  surgery/invasive  vascular 

procedure 

Mechanical  complications  due  to  device,  implant,  or  graft  (excluding  organ  transplant) 

Urinary  tract  infection  after  major  surgery 

Pneumonia  after  major  surgery/invasive  vascular  procedure 

B.  Utilization:  Potentially  inappropriate  utilization  of  hospital  procedures 
Cesarean  section  deliveries 

Cesarean  section  delivery 
Repeated  C-section  delivery 
Surgical  inappropriate  utilization 

Incidental  appendectomy  among  elderly 
Hysterectomy 

Laminectomy  and/or  spinal  fusion 
Transurethral  prostatectomy 
Radical  prostatectomy 
Laparoscopic  cholecystectomy 
Coronary  artery  bypass  graft  (CABG) 

C.  Access  to  Care:  Potentially  avoidable  hospital  admissions 
Obstetrical 

Low  birth  weight 
Very  low  birth  weight 

Pediatric 

Pediatric  asthma 
Prevention 

Immunization-preventable  pneumonia  and  influenza  among  the  elderly 
Cerebrovascular  disease  among  nonelderly  adults 
Intemal  Medicine 

Diabetes  short-term  complications 
Diabetes  long-term  complications 

Surgical 

 Perforated  appendix  

Source:  Ball  et  al.  (1998) 
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treatment  in  the  hospital.  Outcome  of  interest  for  this  indicator  is  all  discharges  with  post- 
operative or  post-traumatic  wound  infection  in  any  secondary  diagnosis  and  the 
population  at  risk  is  the  all  discharges  (see  Ball  et  al.  1998,  for  all  other  QIs). 

Table  1.1  lists  HCUP  QIs,  which  are  selected  to  measure  outcomes,  utilization,  and 
access  to  primary  care.  These  indicators  are  designed  to  produce  information  on  three 
dimensions  of  care  (Johantgen  et  al.  1998): 

i.  Potentially  avoidable  adverse  hospital  outcomes:  It  examines  coded 
complications,  inpatient  mortality  rates  among  low-risk  patients  receiving  common 
elective  procedures  such  as  hip  replacement  and  cholecystectomy  and  complications 
following  a  major  surgery.  The  population  at  risk  is  further  constrained  by  age, 
diagnoses,  and  other  characteristics  to  produce  homogenous  groups  of  patients. 

//.  Potentially  inappropriate  utilization  of  hospital  procedures:  It  addresses 
utilization  rates  for  which  there  are  concerns  of  overuse  or  under-use,  such  as  cesarean 
section  deliveries.  Although  for  most  procedures  the  appropriate  rate  of  use  is  unknown, 
significant  differences  in  terms  of  utilization  of  certain  services  among  hospitals  can  be 
used  as  a  signal  for  inappropriate  hospital  procedures. 

Hi.  Potentially  avoidable  admissions:  This  indirectly  assesses  access  to  and 
appropriateness  of  primary  care  at  the  community  level.  Although  access  related 
indicators  are  useful  to  identify  problems  at  the  community  level,  they  do  not  serve  my 
purpose  therefore  are  excluded  firom  the  analysis. 
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1.3.2    Correction  for  Severity  Differences 

It  is  important  that  one  should  control  the  differences  among  hospitals  in  terms  of 
severity  of  patients  admitted  to  each  hospital.  High-quality  hospitals  may  attract  a 
disproportionately  high  number  of  severely  ill  patients.  If  severity  differences  are  not 
controlled  properly,  high-quality  providers  will  be  observed  in  a  way  that  does  not 
accurately  reflect  differences  in  quality  among  hospitals.  Hence  it  is  crucial  to  distinguish 
the  source  of  observed  differences,  whether  they  are  due  to  differences  in  quality  or  due 
to  unmeasured  clinical  differences  among  admitted  patients  to  each  hospital. 

The  researchers  who  designed  HCUP  QIs  recognize  the  importance  of  correction  due 
to  unmeasured  clinical  differences.  Consequently,  they  follow  two  methods  in  order  to 
solve  the  problem: 

i.  Defining  a  homogenous  risk  pool  for  each  complication:  Population  at  risk  is 
refined  to  include  a  relatively  homogenous  group  of  patients.  Therefore  these  risk  pools 
serve  as  a  mechanism  to  stratify  and/or  adjust  the  risks  of  various  hospital  populations. 
The  other  purpose  is  to  minimize  the  potential  for  false-positive  findings  -  those 
suggesting  that  quality  problems  are  present  when  actually  they  do  not  exist  (lezzoni  et 
al.  1992;  Johantgen  et  al.  1998). 

a.  Standardization  in  major  surgery  complications:  For  some  patient  groups, 
heterogeneity  is  unavoidable  even  after  defining  appropriate  risk  pools.  Standardization 
in  these  cases  helps  to  account  for  differences  in  case  mix  so  that  differences  in  rates 
between  two  hospitals  can  be  interpreted  as  differences  in  outcomes  only  (Ball  et  al. 
1998).  The  standardized  rate  is  a  weighted  average,  where  the  weights  are  the  proportions 
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of  each  type  of  patient  in  a  standard  population.  Standard  populations  are  derived  using 
complete  State  data  and  major  diagnostic  categories  (MDC)  to  differentiate  surgical  case 
mix  across  hospitals.  In  other  words,  these  rates  at  hospital  j  are  calculated  as  follows: 


where  sratej  is  the  standardized  complication  rate  at  hospital  j,  propds  is  the  proportion  of 
patients  in  State  5  who  are  in  each  MDC  d  and  ratedj  denotes  the  raw  rate  for  MDC  d  at 
hospital  j. 

1.4      Data  and  Methods 

I  use  panel  data  for  hospitals  from  up-to  16  States  in  1992-1997  period.  The  sample 
includes  3868  hospitals,  an  average  of  645  hospitals  per  year  over  a  6-year  period  I 
calculate  the  quality  indicators  using  AHRQ  Nationwide  Inpatient  Sample  (NTS),  the 
largest  currently  available  inpatient  care  database,  which  contains  data  from 
approximately  6.5  million  hospital  stays  from  about  850  hospitals  in  each  year  ^.  The  rest 
of  the  section  is  devoted  to  an  in-depth  discussion  of  other  data  sources,  variable 
definitions  and  empirical  issues. 


''  In  order  to  avoid  bias  due  to  few  admissions,  I  use  the  same  benchmark  suggested  in  Ball  et  al.  (1998). 
Therefore  I  exclude  7  hospitals  with  less  than  30  discharges.  I  drop  482  hospitals  for  which  HCFA  case- 
mix  index  is  not  available.  Additionally,  88  hospitals  are  excluded  since  they  do  not  have  county  level 
information. 

'  The  data  source  does  not  provide  hospital  identifiers  for  hospitals  in  Georgia,  Hawaii,  Kansas,  South 
Carolina,  Tennessee,  and  Utah.  Therefore,  hospitals  from  these  states  are  not  included  in  the  analysis. 


D 


(1.1) 
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1.4.1    Data  Sources 

This  paper  uses  data  from  several  sources:  AHRQ  Nationwide  Inpatient  Sample, 
American  Hospital  Association  (AHA)  Annual  Survey  of  Hospitals,  Area  Resource  File 
(ARF),  Health  Care  Financing  Administration  (HCFA)  Case-mix  index  file,  and  County 
Business  Pattern  Files. 

AHRQ  NIS  includes  both  clinical  and  non-clinical  variables  for  each  hospital  stay. 
These  include  primary  and  secondary  diagnosis  and  procedures,  median  income  of 
patients'  zip  code,  patient  demographics,  and  hospital  characteristics.  This  database  is 
used  in  order  to  obtain  HCUP  QIs  for  each  hospital  and  also  to  calculate  hospital  level 
average  patient  characteristics. 

AHA  data  contains  variables  about  hospital  characteristics,  ownership  status  of  each 
hospital,  bed  size,  total  admissions  and  payer  mix.  It  provides  information  for  all 
hospitals  including  name  and  zip  codes.  AHA  data  is  used  to  calculate  the  market  share 
for  each  hospital  and  other  market  level  variables  such  as  Herfmdahl-Hirschman  Index 
(HHI)  of  concentration  in  the  market,  proportions  of  Medicare  and  Medicaid  discharges. 

ARF  database  has  information  on  demographic,  economic,  and  health  factors  at  the 
county  level.  This  database  is  used  both  to  find  an  appropriate  instrument  for  managed 
care  penetration  and  to  control  for  area  specific  differences. 

HCFA  Case-mix  index  file  provides  a  measure  of  the  costliness  of  cases  treated  by  a 
hospital  relative  to  the  national  average  cost  of  all  Medicare  hospital  cases,  using 
Diagnosis  Related  Group  weights  as  a  measure  of  relative  costliness  of  cases.  This 
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variable,  in  addition  to  the  average  number  of  secondary  diagnosis,  is  used  in  order  to 
control  for  unobserved  severity  differences  between  hospitals. 

Table  1.2  illustrates  the  distribution  of  hospitals  included  in  the  sample  over  time. 
Initially  the  sample  included  hospitals  from  1 1  states  but  it  increased  to  16  states  in  1995. 
The  sample  contains  data  from  an  average  of  366  counties  in  each  year.  Average  number 
of  hospitals  in  each  county  is  approximately  5.4  calculated  from  American  Hospital 
Association  Annual  Survey  of  Hospitals.  However  only  a  sub-sample  of  these  hospitals  is 
included  in  the  NTS  database.  To  calculate  other  market  level  variables  I  use  counties  as 
the  relevant  markets  for  hospitals  (for  a  discussion  on  market  definitions  see  Bernstein 
and  Gauthier  1998;  Stigler  and  Sherwin  1985;  Zwanziger,  Mehiick,  and  Eyre  1994). 
AHRQ  NIS  neither  provides  information  on  patient  residence  nor  includes  all  hospitals 
from  each  area.  Therefore  our  choice  of  relevant  market  is  primarily  determined  by  the 
database. 


Table  1.2      Distribution  of  Observations 


1992 

1993 

1994 

1995 

1996 

1997 

Number  of  Hospitals 

674 

623 

666 

652 

638 

615 

Number  of  Markets 

348 

338 

370 

374 

375 

370 

Number  of  States 

11 

15 

15 

16 

16 

16 

Number  of  Hospitals  per  market 

5.2 

5.7 

5.4 

5.5 

5.3 

5.4 

Note:  States  included  in  the  sample  are  Arizona,  California,  Colorado,  Connecticut,  Florida,  Iowa,  Illinois, 
Massachusetts,  Maryland,  Missouri,  New  Jersey,  New  York,  Oregon,  Peimsylvania,  Washington  and 
Wisconsin.  Sample  includes  hospitals  from  Connecticut,  Maryland,  New  York  and  Oregon  after  1992  and 
from  Missouri  after  1994. 
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1.4.2    Independent  Variables 

Before  analyzing  the  relationships  in  a  regression  framework,  I  investigate  the  unadjusted 
relationships.  Table  1.3  summarizes  the  different  compUcation  rates  by  quartiles  of  HMO 
market  share  and  hospital  market  HHl. 


Table  1.3      Complication  Rates  (%) 

Overall  Area  HMO  Market  Share 

mean 


Quartile 

2nd 

Quartile 

Quartile 

4A 
Quartile 

Mortality  Rate 

0.37 

0.38 

0.35 

0.38 

0.36 

Obstetrical  Complications 

6.14 

6.78 

5.99 

5.79 

6.05 

Adverse/latrogenic  Complications 

2.33 

1.94 

2.16 

2.48 

2.72 

Wound  Infections 

0.24 

0.23 

0.24 

0.25 

0.27 

Major  Surgery  Complications 

0.86 

0.90 

0.86 

0.88 

0.81 

C-Section  Delivery 

25.94 

26.37 

26.65 

25.96 

24.81 

Inappropriate  Surgical  Operations 

1.64 

1.31 

1.56 

1.80 

1.91 

Hospital  Market  HHI 

2nd 

3rd 

4th 

Quartile 

Quartile 

Quartile 

Quartile 

Mortality  Rate 

0.44 

0.31 

0.33 

0.39 

Obstetrical  Complications 

5.80 

5.59 

6.20 

6.99 

Adverse/latrogenic  Complications 

2.69 

2.69 

2.13 

1.80 

Wound  Infections 

0.27 

0.26 

0.22 

0.23 

Major  Surgery  Complications 

0.86 

0.84 

0.87 

0.88 

C-Section  Delivery 

25.77 

26.42 

25.59 

26.00 

Inappropriate  Surgical  Operations 

1.78 

1.96 

1.63 

1.20 

Note:  Results  are  not  adjusted  for  time  trend.  Only  hospitals  with  more  than  29  discharges  are  included. 


The  first  column  of  the  top  panel  of  Table  1.3  shows  the  overall  mean  of 
complications  across  hospitals.  Complications  are  extremely  rare,  less  than  1  percent,  in 
some  cases  such  as  mortality  in  minor  surgery,  wound  infections,  and  even  complications 
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Table  1.4     Means  and  Standard  Deviations  of  Variables 


Variables 

Definition  of  Variables 

uuia 

jviean 

1 

Source 

Dev. 

1                           Log  (Quality) 

Log  (100-complication  rate  in  percentage) 

NIS 

- 

- 

HHI 

Herfindahl-Hirschman  Index  by  county 

AHA 

0.45 

0.35 

I  HMO 

HMO  penetration  by  county 

Baker 

0.20 

0.14 

j 

(1997) 

Log  (share) 

Log  (100  times  the  number  of  patients  admitted 

NIS 

i 

in  each  risk  pool  divided  by  total  admission  in 

AHA 

the  county) 

Average  Patient  Characteristics: 

!  Age 

Average  age  of  admitted  patients 

NIS 

50.59 

10.59 

Baby 

PprppfifatTP  r\€  infflnt^  /'Ipgq  than  r*iif»  vpar  r*lf1^ 

X  ^l^VlXLclg^  \JL  UUAi-llo  I  l^od  Ulall  VJllC'  yCfCU  \Jl\XJ 

NIS 

10.40 

7  64 

1  Age65 

Percentage  of  elderly  (65  and  above) 

NTS 

47  04 

16  12 

Female 

Percentage  of  female  patients 

■NTT's 

NDX 

Average  number  of  secondary  diagnosis 

XTTC 

1  f\1 

j  Income 

Average  income  of  admitted  patients 

NIS 

28821 

8701 

1 

Hospital  Characteristics: 

1  Public 

Owned  and  operated  by  public  parties 

AHA 

0.19 

0.39 

Non-profit 

Non-profit  private  hospitals 

AHA 

0.69 

0.46 

Teach 

Teaching  hospitals 

AHA 

0.16 

0.36 

Urban 

Urban  hospitals 

AHA 

0.64 

0.48 

*                           Small  size 

Rural  with  bed<50,  urban  non-teaching  with 

AHA 

0.38 

0.49 

bed<100,  urban  teaching  with  bed  <300 

!                           Medium  size 

Rural  with  bed  50  to  100,  urban  non-teaching 

AHA 

0.33 

0.47 

with  bed  100  to  200,  urban  teaching  with  bed  300 

to  500 

CMI 

HCFA  Case-mix  index  of  each  hospital 

HCFA 

1.30 

0.24 

Medicare 

Percentage  of  Medicare  discharges 

AHA 

44.51 

20.81 

Medicaid 

Percentage  of  Medicaid  discharges 

AHA 

14.25 

11.03 

Market  Level  variables: 

Large  firms 

Percentage  of  establishments  with  more  than  100 

CBPF 

1.99 

0.74 

employees 

Log  (population) 

Logarithm  of  county  population 

ARF 

12.26 

1.80 

Unemployment 

Unemployment  rate  in  the  county 

ARF 

6.39 

2.77 

Emergency  per  capita 

County  level  per  capita  outpatient  emergency 

ARF 

0.37 

0.16 

admission 

Note:  NIS:  Agency  for  Healthcare  Research  and  Quality  Nationwide  Inpatient  Sample;  AHA:  American 
Hospital  Association  Annual  Survey  of  Hospitals;  HCFA:  Health  Care  Financing  Administration  Case-mix 
I  index  file;  CBPF:  County  Business  Pattern  Files;  ARF:  Area  Resource  File. 

i 
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in  major  surgeries.  Descriptive  results  in  Table  1.3  do  not  present  a  clear  trend  for 
complications.  This  is  consistent  with  the  argument  that  market  structure  plays  different 
roles  for  different  dimensions  of  quality.  For  example  HMOs  may  be  more  effective  in 
controlling  inappropriate  procedures,  such  as  cesarean  section  deliveries  while  not  being 
effective  in  preventing  obstetrical  complications. 

Table  1.4  reports  definitions  and  descriptive  statistics  for  variables  used  in  regression 
analysis.  These  mean  and  standard  deviations  reported  for  average  patient  characteristics 
are  for  the  overall  sample  rather  than  each  risk  pool.  However,  in  regression  analysis  I 
use  average  patient  characteristics  for  those  patients  who  are  in  certain  risk  pool. 

It  is  possible  that  observed  differences  in  quality  across  hospitals  may  be  either  due 
to  actual  quality  of  care  differences  or  differences  in  patient  mix  treated  in  each  hospital. 
Although  defining  homogenous  risk  pools  and  standardization  in  complication  rates 
among  surgical  patients  minimize  the  patient  mix  differences,  I  also  include  additional 
variables  into  regression  analysis  in  order  to  control  for  any  severity  differences  left  after 
these  corrections.  For  that  purpose,  observed  demographic  differences  in  patient  mix, 
average  number  of  secondary  diagnosis  -  as  suggested  in  Dranove  and  Ludwick  (1999)  - 
and  case-mix  index  of  hospitals  are  included  in  estimations. 

1.4.3    Estimation  Issues 

This  analysis  uses  hospitals  as  the  unit  of  analysis  and  looks  at  the  logarithm  of  quality 
indicators  as  dependent  variables.  Hospital  market  share,  market  level  HMO  penetration 
rates  and  competitiveness  index  are  the  main  independent  variables  in  the  empirical 
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analysis  below.  The  following  form  of  the  behavioral  model  of  hospital  quality  is 
estimated  separately  for  each  complication  category: 

log  qj,  =  a  log  sj,  +  0  HMO„,  +yH„,+d  Wj„,  +  Wj,  (1 .2) 

where  sjt  is  hospital  fs  market  share  at  time  t,  HMOmt  is  HMO  penetration  in  market  m  at 
time  t,  Hmt  is  a  vector  of  other  market  level  predictors  and  Wjmt  includes  all  other  hospital 
level  variables.  This  model  is  estimated  for  seven  different  complication  rates  and  full 
results  are  presented  in  Appendix  Tables  Al.l  through  A1.7. 

hi  the  first  place,  I  estimate  the  models  by  ordinary  least  squares  (OLS). 
Nevertheless,  coefficient  estimates  for  the  key  independent  variables  are  inconsistently 
estimated  due  to  simultaneity  bias  fi-om  hospital  market  share  in  equation  (1.2).  The  bias 
may  originate  from  two  different  sources:  First,  unobserved  hospital  characteristics  affect 
both  hospital  quality  and  patient  choice.  Second,  hospitals  with  higher  perceived  quality 
attract  more  patients  including  high  proportions  of  severely  ill  patients.  If  severity 
differences  are  not  controlled  properly,  then  high  quality  hospitals  may  appear  as  lower 
quality  units  in  the  data.  I  discuss  these  issues  in  detail  below. 

It  is  plausible  that  unobservable  provider  characteristics  -  unobservable  for 
researchers  -  may  affect  both  patients'  decision  to  attend  to  a  particular  hospital  and  the 
hospital  quality.  For  instance  hospitals  and  physicians  may  differ  in  their  practice  style 
(Ellis  and  McGuire  1996).  These  differences  may  be  attractive  for  patients  and  certainly 
affect  the  outcome  of  the  treatment.  One  possible  solution  for  the  bias  due  to  unobserved 
hospital  characteristics  is  to  assume  that  these  factors  are  constant  overtime.  This 
assumption  implies  that  the  error  terms  in  equation  (1.2)  can  be  written  as  Wj,  -  hj  +e  jt , 
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where  hj  stands  for  hospital  specific  time-invariant  characteristics,  and  Zp  is  white  noise 
error  term.  Under  this  assumption  one  can  use  either  fixed  or  random  effect  models. 

Random  effect  model  is  based  on  the  assumption  that  hospital  specific  constant 
terms  are  randomly  distributed  across  cross-sectional  units.  Fixed  effect  model,  however, 
is  based  on  the  assumption  that  these  factors  are  considered  to  be  parametric  shifts  of  the 
regression  function  (Greene  1993).  histead  of  making  a  priori  choice  between  fixed  or 
random  effects,  I  estimate  the  model  under  both  assumptions  and  test  assumptions  as 
discussed  in  the  following  subsection. 

The  second  source  of  the  bias  may  be  due  to  the  differences  in  perceived  quality 
among  different  hospitals.  Traditionally  hospitals  with  higher  perceived  quality  attract 
more  patients  including  high  proportions  of  severely  ill  patients.  It  is  likely  that  even  after 
controlling  for  severity  differences  among  hospitals,  there  still  exist  unobserved 
differences.  One  can  treat  unobserved  differences  or  perceived  quality  as  a  constant,  if 
market  share  responds  to  quality  shocks  very  slowly  overtime,  hi  that  case,  fixed  effect 
estimation  is  still  consistent.  If,  however,  unobserved  severity  differences  change 
overtime  or  a  transitory  decline  in  quality  affects  market  share  quickly,  then  fixed  effects 
estimates  will  still  be  biased. 

It  is  plausible  to  assume  that  unexpected  increase  in  complication  rates  in  one 
hospital  affects  both  physicians'  and  patients'  expected  quality  fi-om  that  particular 
hospital.  Since  patients  and  their  physicians  observe  the  outcome  after  the  treatment,  all 
other  potential  patients  may  also  become  aware  of  the  outcome  through  their  own 
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physicians.  Hence  market  share  quickly  or  with  a  lag  may  respond  to  this  shock.  Under 
both  circumstances  one  need  to  instrument  for  market  share  even  with  fixed  effects. 

A  valid  instrument  needs  to  have  two  important  features:  It  needs  to  be  highly 
correlated  with  hospital  market  share  and  not  correlated  with  unobserved  factors  such  as 
unobserved  hospital  quality.  For  this  purpose,  average  income  of  those  patients  in  a 
particular  hospital  is  used  as  an  instrument  for  hospital  market  share.  An  exogenous 
increase  in  income  for  those  people  in  a  particular  hospital  increases  the  hospital  share 
under  the  assumption  that  health  care  is  a  normal  good.  People  tend  to  consume  more 
medical  care  including  hospital  services  when  their  income  increases.  This  increases  the 
number  of  discharges  in  a  hospital  and  increases  the  market  share  of  the  hospital.  First 
stage  regression  results,  presented  in  Appendix  Table  A  1.8,  show  that  income  is 
positively  correlated  with  hospital  market  share,  and  provide  evidence  in  favor  of  my 
prior  expectation.  One  possible  difficulty  in  using  average  income  as  an  instrument  is  that 
it  may  be  correlated  with  perceived  quality  because  rich  people  tend  to  attend  high 
quality  hospitals.  However,  this  does  not  appear  to  be  a  significant  source  of  problem 
since  the  bias  from  this  source  will  be  in  the  upward  direction:  Instrumental  variable  (IV) 
estimates  will  be  even  higher  than  true  coefficients.  Therefore  the  bias  will  even 
reinforce  my  conclusion  since  the  coefficients  for  hospital  share  are  either  negative  or 
insignificantly  different  from  zero  ^. 

*  As  presented  in  Table  1.7  of  the  results  section,  I  use  IV  &  FE  in  models  3,  4,  and  7.  For  these  models  the 
estimates  for  market  share  in  fixed  effect  models  are  smaller  negative  numbers  than  IV  &  FE  models. 
These  are  presented  in  Appendix  Tables  A1.3,  A1.4,  and  A1.7  in  columns  2  and  3.  This  suggests  that  the 
use  of  instrument  for  hospital  market  share  reinforces  the  negative  relationship  between  quality  and  market 
share. 
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Finally,  I  estimate  the  models  by  instrumenting  for  both  hospital  market  share  and 
HMO  market  share,  histrumental  variables  are  not  only  a  solution  for  an  endogeneity 
problem,  but  also  useful  to  remove  the  measurement  errors  in  the  variables  (Greene  1993; 
Hausman  et  al.  1991).  Both  Baker  and  Brown  (1999)  and  Baker  (1997)  point  out  that 
HMO  market  share  may  be  measured  with  an  error.  Since  I  use  the  same  managed  care 
penetration  data,  I  follow  their  argument  and  use  an  instrument  for  HMO  market  share. 

Dranove  et  al.  (1998)  identify  several  instruments  for  managed  care  penetration 
including  area  specific  demographic  factors  and  labor  market  characteristics.  I 
experiment  with  unemployment  rate,  percentages  of  large  fums  and  elderly  population  in 
the  county  to  instrument  for  managed  care  penetration.  Medicare  managed  care 
enrollments  tend  to  be  low  under  current  rules;  therefore  HMOs  have  fewer  incentives  to 
enter  into  the  markets  with  high  elderly  population.  On  the  contrary,  markets  with  lower 
unemployment  rate,  and  higher  large-size  firms  are  more  attractive  to  HMOs.  Li  these 
markets,  it  is  more  likely  to  have  more  firms  including  larger  firms,  which  are  more 
likely  to  offer  their  employees  a  choice  of  health  insurance  policies  including  HMO 
plans.  HMOs  may  also  face  lower  costs  associated  with  bid  preparation  and  marketing  in 
these  areas.  The  first  stage  regression  results  support  my  prior  expectation.  Nevertheless, 
the  coefficient  estimate  of  percentage  of  elderly  population  is  not  statistically  significant 
and  exclusion  of  this  variable  fi^om  the  first  stage  regressions  does  not  make  any  impact 
on  our  second  stage  estimates.  Therefore  I  only  use  unemployment  rate  and  percentage  of 
large  firms  as  instruments  for  managed  care  penetration. 
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Although  hospital  market  shares  account  for  market  powers  of  hospitals  within  a 
given  market,  HHI  that  measures  the  degree  of  market  competition,  measures  inter 
market  variations  in  competition.  Hence  hospital  market  share  may  have  separate  effects 
from  HHI.  To  capture  different  impacts  of  these  two  variables,  lastly  I  introduce  hospital 
market  HHI  into  the  model.  Since  there  is  a  high  coUinearity  between  these  variables,  I 
use  an  indicator  variable  for  markets  above  year  specific  median  HHI 

1.4.4    Sensitivity  Analysis 

I  use  Hausman  tests  in  order  to  compare  different  assumptions  (Davidson  and  McKinnon 
1993;  Hausman  1978).  Table  1.5  displays  p-values  from  specification  tests  for  the 
random  effects  (RE),  fixed  effects  (FE),  and  instrumental  variable  fixed  effect  (FV  &  FE) 
models. 

Hausman  tests  reject  the  random  effects  against  fixed  effects  except  for  mortality  and 
obstetrical  complications.  Therefore  I  use  a  random  effect  model  for  these  two 
complication  categories  in  order  to  estimate  quality  equation  (1.2).  These  estimation 
results  are  presented  in  Appendix  Table  Al.l  and  Table  A1.2.  For  all  other  categories,  I 
compare  fixed  effects  with  instrumental  variable  fixed  effects.  The  test  fails  to  reject  the 
fixed  effects  in  two  cases,  namely  major  surgery  complications  and  cesarean  section 
deliveries.  Therefore,  for  these  two  cases,  I  use  fixed  effect  models.  The  results  from 
different  estimations  are  presented  in  Appendix  Table  A1.5  and  A1.6.  For  the  remaining 

'  In  order  to  check  the  sensitivity  of  my  estimates  to  the  choice  of  cut-off  value  for  HHI,  I  estimate  the 
models  without  a  cut-off  value.  I  also  estimate  the  models  using  number  of  discharges  as  weights.  In  all 
cases,  the  results  reported  here  are  robust  to  different  specifications. 
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three  cases,  I  use  IV  &  FE  models.  The  estimation  results  from  different  models  for  these 
three  categories  are  reported  in  Appendix  Tables  A1.3,  A1.4,  and  A1.7. 

hi  the  case  of  over  identified  model,  it  is  important  to  test  the  validity  of  the  choice 
of  instruments.  For  this  purpose,  over-identifying  restriction  tests  are  performed  for  those 
categories  (adverse/iatrogenic  comphcations,  wound  infections  and  inappropriate 
surgeries)  IV  &  FE  models  are  used  (for  details  of  the  construction  of  test  statistics  see 
Davidson  and  McKinnon  1993;  Newey  1985).  In  all  three  models,  the  statistics  cannot 
reject  null  hypothesis  of  the  validity  of  the  set  of  instruments.  Table  1.5  shows  both  Chi- 
square  value  and  p-value  from  these  tests. 

Table  1.5      Specification  Tests 

Model  1  2  3         4  5         6  7 

p-value  for  Hausman  test 

RE  versus  FE  0.76  0.14  0.00  0.00  0.00  0.05  0.00 

FE  versus  (IV  &  FE)  -  -  0.00  0.00  0.21  0.38  0.00 

Over-identijying  restrictions  test 

value  -  -  0.3        0.3  -           -  1.16 

p-value  -  -  >0.95  >0.95  -           -  >0.75 

F  for  first-stage  instruments 

Log  (share)  equation  -  -  5.94  5.94  -          -  6.44 

HMO  equation  -  -  11.45  11.45  -          -  11.40 

[Degrees  of  freedom]  -  -  [2794]  [2794]  -          -  [2791] 

Note:  Model  numbers  are  1:  Mortality  results,  2:  Obstetrical  results  3:  Adverse/iatrogenic  results,  4: 
Wound  infection  results,  5:  Major  surgery  complication  results,  6:  Cesarean  section  deliveries  results,  7: 
Inappropriate  surgical  utilization  results. 

Finally,  I  test  the  joint  significance  of  instruments  in  the  first-stage  estimations.  F- 
statistics  for  this  test  are  presented  in  Table  1.5.  In  all  three  cases  for  both  hospital  market 
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share  and  HMO  share  equations,  test  statistics  show  that  coefficients  of  instruments  are 
jointly  different  fi-om  zero. 

1.5  Results 

Table  1.6  and  1.7  report  estimation  results  for  the  main  variables.  Full  results  from 
different  estimation  models  are  presented  in  Appendix  Tables.  First,  I  present  the  results 
for  main  variables  fi'om  models  in  which  HHI  is  not  included  as  a  regressor.  This  is 
shown  in  Table  1.6.  These  results  show  that  the  results  of  Table  1.7  for  both  market  share 
and  HMO  impacts  are  robust  to  the  inclusion  of  market  level  competitiveness  index  to  the 
empirical  models. 


Table  1 .6  Summary  Results  for  Quality  Estimations- 1 
Dependent  Variable:  Log  (100-complication  rates) 


Model 

1 

2 

3 

4 

5 

6 

7 

RE 

RE 

IV&FE 

IV&FE 

FE 

FE 

IV&FE 

Log  (share) 

0.0001 

-0.0001 

-0.02 

-0.002 

0.0003 

0.012 

-0.011 

(0.74) 

(-0.33) 

(-2.48) 

(-1.93) 

(0.86) 

(1.04) 

(-2.91) 

HMO 

-0.003 

-0.012 

0.475 

0.046 

0.003 

0.171 

0.209 

(-0.78) 

(-1.32) 

(2.21) 

(1.74) 

(0.29) 

(0.49) 

(2.03) 

N 

3128 

2799 

3868 

3868 

3106 

2803 

3860 

Note:  HHI  is  not  included  as  a  regressor.  Heteroskedasticity  corrected  t-statistics  are  in  parentheses.  Model 
numbers  are  1:  Mortality  results,  2:  Obstetrical  results  3:  Adverse/Iatrogenic  results,  4:  Wound  infection 
results,  5:  Major  surgery  complication  results,  6:  Cesarean  section  deliveries  results,  7: Inappropriate 
surgical  utilization  results. 
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In  order  to  capture  the  impact  of  market  competition  on  quality,  I  include  HHI  as  an 
independent  variable  and  present  the  estimation  results  m  Table  1.6  .  Each  column  m 
Table  1.7  corresponds  to  the  last  column  of  Appendix  Table  Al.l  through  A1.7.  Our 
estimates  for  key  independent  variables  are  statistically  significant  in  adverse  and 
iatrogenic  complications  (column  3  in  Table  1.7),  wound  infections  (column  4)  and  in 
inappropriate  surgeries  (column  7). 


Table  1 .7  Summary  Results  for  Quality  Estimations-2 
Dependent  Variable:  Log  (100-complication  rates) 


Model 

/ 

2 

3 

4 

5 

6 

7 

RE 

RE 

IV&FE 

IV&FE 

FE 

FE 

IV&FE 

Log  (share) 

0.0001 

-0.0001 

-0.018 

-0.002 

0.00001 

0.001 

-0.009 

(0.70) 

(-0.39) 

{-1.11) 

(-2.05) 

(0.31) 

(1.20) 

(-3.31) 

HMO 

-0.003 

-0.013 

0.404 

0.039 

-0.001 

0.019 

0.173 

(-0.79) 

(-1.33) 

(2.34) 

(1.79) 

(-0.97) 

(0.75) 

(2.08) 

Above  Median  HHI 

-0.0001 

-0.001 

-0.032 

-0.003 

0.00005 

-0.003 

-0.017 

(-0.11) 

(-0.31) 

(-2.66) 

(-1.91) 

(0.30) 

(-0.64) 

(-3.25) 

N 

3128 

2799 

3868 

3868 

3106 

2803 

3860 

Note:  Heteroskedasticity  corrected  t-statistics  are  in  parentheses.  Model  numbers  are  1:  Mortality  results,  2: 
Obstetrical  results  3:  Adverse/Iatrogenic  results,  4:  Wound  infection  results,  5:  Major  surgery  complication 
results,  6:  Cesarean  section  deliveries  results,  7: Inappropriate  surgical  utilization  results. 


*  In  order  to  check  the  robustness  to  different  specification  of  dependent  variable,  I  run  the  same  models  of 
Table  1.7  using  100  minus  complication  rates  rather  than  logarithm  of  100  minus  complication  rates  as  a 
dependent  variable.  The  new  results  for  the  main  independent  variables  are  presented  in  Appendix  Table 
A  1.9.  By  definition,  the  coefficient  estimates  from  these  two  different  specifications  have  to  be 
proportional  to  each  other.  In  other  words,  the  coefficient  estimates  in  Table  A  1.9  should  be  equal  to  the 
coefficient  estimates  of  Table  1.7  multiplied  by  the  mean  of  (100-complication  rates).  The  results  confirm 
this  relationship. 
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The  findings  suggest  that  quahty  consequences  of  hospital  mergers  are  substantial. 
For  instance,  a  hypothetical  merger,  which  increases  hospital  market  share  by  10  percent, 
decreases  quality  by  0.18  percent  as  measured  by  adverse  effects  and  iatrogenic 
complications  ^.  Evaluated  at  the  mean  complication  rate  of  2.3  percent,  this  corresponds 
to  an  increase  in  complications  by  7.6  percent,  hi  terms  of  overall  market  competition, 
complication  rates  are  1.4  percent  higher  in  less  competitive  markets.  For  v^ound 
infections,  the  impact  of  a  hypothetical  merger  is  even  higher:  10  percent  increase  in 
market  share  increases  wound  infections  by  8.3  percent. 

hi  terms  of  inappropriate  surgeries,  hospitals  with  higher  share  of  business  in  its 
market  area  utilize  more  inappropriate  procedures.  Although  the  negative  impact  of  a 
merger  is  not  as  significant  as  in  wound  infections,  it  is  still  significantly  higher.  For 
example,  10  percent  increase  in  hospital  market  share  is  associated  with  5.4  percent 
increase  in  inappropriate  surgical  utilization.  Similarly,  I  find  lower  quality  in  less 
competitive  markets.  When  it  is  evaluated  at  the  mean  inappropriate  surgical  utilization, 
the  findings  imply  1 .02  percent  more  inappropriate  procedures  in  concentrated  markets 
compared  with  competitive  markets. 

The  impact  of  managed  care  on  quality  depends  on  the  dimensions  of  quality 
measured.  The  impact  is  inconclusive  when  quahty  is  measured  by  outcome  based  in- 
hospital  complications.  Higher  HMO  market  share  is  associated  with  higher  mortality 
rates,  obstetrical  complications  and  major  surgery  related  complications.  For  both 

'  I  assume  that  a  merging  hospital  operates  in  a  market  where  HHI  is  above  the  median  market  HHI.  If  a 
merger  increases  the  market  level  concentration  -  /////becomes  above  median  market  HHI-  the  overall 
impact  will  be  even  bigger  in  magnitude. 


31 

adverse/iatrogenic  complication  results  and  wound  infections,  the  point  estimates  imply 
that  HMO  market  share  is  positively  correlated  with  quality.  Among  all  5-complication 
categories,  the  coefficient  is  statistically  significant  for  only  adverse/iatrogenic 
complications  and  wound  infections.  Evaluated  at  mean  adverse/iatrogenic  complication 
rate,  the  result  implies  that  35-percentage  point  increase  in  HMO  market  share  -  an 
increase  of  HMO  market  share  from  mean  of  the  bottom  quartile  to  mean  of  top  quartile  - 
is  associated  with  5.9  percent  decrease  in  adverse/iatrogenic  complications.  For  wound 
infections,  it  implies  less  than  one-  percent  reduction  in  complications. 

When  quality  is  measured  in  terms  of  inappropriate  utilization  of  services,  higher 
HMO  market  share  is  associated  with  lower  numbers  of  inappropriate  procedures.  The 
magnitudes  of  coefficients,  evaluated  at  mean  inappropriate  procedures,  imply  that  35- 
percentage  point  increase  in  HMO  market  share  is  associated  with  3.6  percent  decrease  in 
inappropriate  surgical  procedures. 

The  results  show  that  impact  of  HMO  market  share  on  quality  is  inconclusive  when 
quality  is  measured  by  outcome  based  in-hospital  complications,  hi  contrast,  findings 
imply  that  inappropriate  utilizations  are  less  likely  in  markets  with  high  HMO  activities. 
This  is  consistent  with  the  well-known  effectiveness  of  managed  care  in  controlling 
health  care  costs. 

Additionally,  this  study  provides  important  insight  on  quality  impact  of  hospital 
competition.  The  findings  are  consistent  with  Kessler  and  McClellan  (2000)  and  provide 
evidence  against  the  findings  of  Ho  and  Hamilton  (2000).  The  results  support  the  view 
that  hospitals  with  higher  market  share  exercise  the  market  power  through  a  reduction  in 
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quality.  This  is  also  true  for  highly  concentrated  markets.  Both  in  terms  of  inappropriate 
utilization  of  services  and  potentially  avoidable  in-hospital  complications,  hospitals  with 
market  power  invest  less  in  quality  enhancing  strategies. 

1.6  Conclusion 

This  study  has  examined  the  impact  of  managed  care  and  market  concentration  on 
hospital  quality.  The  study  uses  alternative  quality  measures,  which  are  directly  based  on 
treatment  outcomes.  These  indicators  capture  different  dimensions  of  quality  and  identify 
in-hospital  complications  directly  from  patient  discharge  records.  I  use  the  largest 
currently  available  inpatient  care  database  from  up-to  16  states  for  the  1992-1997  period. 

The  results  provide  evidence  in  favor  of  hospital  competition.  I  find  that  higher 
hospital  market  share  is  associated  with  lower  quality  of  care.  The  same  finding  holds  at 
the  market  level,  hi  concentrated  markets,  complication  rates,  on  the  average,  are  one- 
percent  higher  than  that  of  more  competitive  markets.  A  hypothetical  merger,  which 
increases  hospital  market  share  by  10  percent,  increases  complication  rates  on  the 
average  by  approximately  7  percent.  Therefore  hospital  mergers  have  significant  quality 
consequences.  These  findings  suggest  that  even  a  merger,  which  leads  to  a  significant 
decrease  in  price,  may  still  diminish  the  social  welfare  through  a  substantial  reduction  in 
quality.  In  the  light  of  these  evidence  appropriate  antitrust  policy  towards  hospital 
mergers  should  consider  not  only  price  but  also  quality  impacts. 

The  results  show  that  impact  of  HMO  market  share  on  quality  changes  depending  on 
the  dimension  of  quality  measured.  When  quality  is  measured  by  outcome-based 
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measures,  high  HMO  activity  has  an  inconclusive  relationship  with  quality.  While  higher 
HMO  market  share  has  a  significant  association  with  lower  adverse/iatrogenic 
complications,  it  is  not  significantly  associated  with  other  outcome-based  measures. 
These  findings  are  consistent  with  the  previous  studies  in  that  managed  care  does  not 
provide  uniform  quality  for  different  health  care  services. 

On  the  other  hand,  when  quality  is  measured  in  terms  of  potentially  inappropriate 
utilization,  higher  HMO  market  share  is  associated  with  a  lower  level  of  potentially 
inappropriate  procedures.  This  finding  is  consistent  with  the  known  effectiveness  of 
managed  care  in  controlling  health  care  costs.  It  is  however  important  to  recognize  that 
utilization  based  indicators  treat  these  services  as  potentially  inappropriate  without 
specifying  the  right  utilization  level.  Although  too  many  potentially  inappropriate 
procedures  can  be  considered  as  a  quality  problem,  too  few  of  these  procedures  may  not 
perfectly  reflect  a  better  quality  either.  This  finding  therefore  should  be  evaluated  with 
some  caution. 

The  database  used  in  this  study  does  not  have  a  uniformly  coded  payer  mix  variable 
across  different  states  and  over  time.  In  fact  hospitals  may  differ  in  quality  depending  on 
their  own  managed  care  patient  shares.  However  constrained  by  the  limitation  of  the  data, 
this  study  compares  different  markets  rather  than  different  hospitals  in  terms  of  managed 
care  impact  on  quality.  Further  studies,  which  use  hospital  level  managed  care 
penetration  data,  may  provide  a  better  understanding. 
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Appendix  1 :  Supplementary  Tables  to  Chapter  1 

Full  results  from  different  regression  models  are  presented  in  this  appendix.  All 
regression  models  include  year  dummies.  Standard  errors  are  corrected  for 
heteroscedasticity.  The  numbers  in  parentheses  show  t-statistics  for  each  coefficient 
estimates,  hi  column  3  of  Table  Al  .3  through  Table  Al  .7, 1  use  an  instrument  for  hospital 
market  share.  However,  in  column  4  I  use  instruments  for  both  hospital  market  share  and 
HMO  penetration. 
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Table  A 1  ■  1    Mortality  Results 


OLS 

FE 

RE 

I 

2 

3 

4 

Log  (share) 

0.0001 

0.0001 

0.0001 

0.0001 

(1  43) 

(0  35) 

(0  74) 

(0  70) 

HMO 

-0.001 

-0.002 

-0.003 

-0.003 

(-0  51) 

(-0  78) 

f-0  79) 

Above  Median  HHI 

-0.0001 
(-0  11) 

CMI 

0.001 

0.0003 

0.001 

0.001 

(0  54) 

(0.08) 

(0  35) 

CO  35) 

Age 

0.0002 

0.00002 

0.0002 

0.0002 

(1  32) 

CO  14) 

(2  38) 

(2  38) 

Age65  /lOO 

-0.025 

-0.025 

-0.03 

-0.03 

(-1.69) 

(-1.57) 

(-5.86) 

(-5.86) 

NDX 

-0.001 

-0.001 

-0.001 

-0.001 

(-2.12) 

(-1.54) 

(-2.28) 

(-2.27) 

Female  / 100 

-0.008 

-0.009 

-0.01 

-0.01 

(-1.04) 

(-0.80) 

(-2.10) 

(-2.10) 

Medicare 

-0.003 

-0.001 

-0.002 

-0.002 

(-2.18) 

(-0.36) 

(-0.81) 

(-0.81) 

Medicaid 

-0.0003 

-0.001 

-0.003 

-0.003 

(-0.15) 

(-0.37) 

(-0.84) 

(-0.84) 

Log  (population) 

-0.0003 

0.002 

-0.0002 

-0.0002 

(-1.16) 

(0.79) 

(-0.50) 

(-0.49) 

Emergency  per  capita 

-0.002 

-0.002 

-0.002 

-0.002 

(-1.35) 

(-0.46) 

(-0.79) 

(-0.79)  . 

Public 

-0.002 
(-1.57) 

Non-profit 

-0.001 
M  37) 

Teaching 

-0.001 
(-1.31) 

Urban 

0.001 
(1.33) 

Small  bed 

-0.001 
(-0.61) 

Medium  bed 

-0.001 
(-1.73) 

Constant 

4.610 

4.592 

4.613 

4.613 

(877.42) 

(131.23) 

(889.91) 

(778.56) 

N 

3128 

3128 

3128 

3128 

R-square 

0.026 

0.517 

Note:  Dependent  variable  is 

logarithm  of  (100- 

mortality  rates  in  minor 

procedures) 
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Table  Al  .2   Obstetrical  Results  

OLS  FE   RE 

Model  12  3  4 


Log  (share) 

-O.UOUJ 

-0.0002 

A  AAA  1 

-0.0001 

-0.0001 

(-0.68) 

(-0.58) 

(-0.33) 

(-0.39) 

nlVlU 

-U.OIJ 

A  A  1  T 
-0.01  / 

A  A  1  1 

-0.012 

A  A  1  T 

-0.013 

(-1.72) 

(-1.06) 

(-1.32) 

(-1.33) 

Above  Median  HHI 

A  A  A  1 

-0.001 
(-0.31) 

-U.UUd 

A  AAyl 

A  AAT 

-O.OOJ 

A  AAI 

-0.003 

/I    A  "W 

(-L41) 

(-0.32) 

(-0.49) 

(-0.49) 

Age 

A  AA  1 

-U.UUl 

A  AAAT 

A  AA  1 

-0.001 

A  A  A  1 

-0.001 

(-0.88) 

(-0.16) 

(-0.93) 

(-0.94) 

-I). 02/ 

-0.025 

-0.027 

-0.027 

(-16.68) 

(-9.43) 

(-18.40) 

(-18.37) 

Medicare 

-O.Olz 

A  (\f\0 

0.008 

-0.001 

-0.001 

(-1.70) 

(0.70) 

(-0.07) 

(-0.07) 

Medicaid 

A  AT  C 

A  AA/T 

A  A  AT 

0.007 

0.007 

(2.57) 

(0.57) 

(0.68) 

(0.68) 

Log  (population) 

A  AAT 

A  A1C 

A  AAC 

A  AAC 

0.005 

(3.60) 

(1.12) 

(5.36) 

(4.61) 

Emergency  per  capita 

A  AAO 

A  A  1 
0.01 

A  AA1 

0.003 

0.003 

(1.19) 

(0.89) 

(0.43) 

(0.42) 

rUDllC 

A  A  1  0 

(-3.53) 

Non-profit 

-0.002 

/   1  Al  \ 

(-1.01) 

Teaching 

A  Al 

(-4.18) 

Urban 

0.012 
(4.72) 

Small  bed 

-0.004 
(-1.72) 

Medium  bed 

-0.005 
(-2.56) 

Constant 

4.603 

4.313 

4.572 

4.575 

(241.61) 

(15.69) 

(222.80) 

(207.54) 

N 

2799 

2799 

2799 

2799 

R-square 

0.202 

0.735 

Note:  Dependent  variable  is  logarithm  of  ( 1 00-obstetrical  complication  rates) 
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Table  Al  .3    Adverse  Effects  and  Iatrogenic  Complication  Results 


ULo 

r  11, 

TV  FF 
1  r  <X  rill 

Model 

1 

2 

3 

4 

5 

Log  (share) 

-0.0001 

-0.0003 

-0.022 

-0.02 

-0.018 

(-0.68) 

(-2.10) 

(-2.34) 

(-2.48) 

(-2.77) 

HMO 

-0.005 

0.003 

-0.005 

0.475 

0.404 

(-2.11) 

(0.77) 

(-0.29) 

(2.21) 

(2.34) 

Above  Median  HHI 

-0.032 
(-2.66) 

CMI 

-0.043 

-0.016 

-0.007 

0.012 

0.007 

(-12.30) 

(-2.04) 

(-0.41) 

(0.64) 

(0.45) 

Age 

-0.0003 

-0.001 

0.0004 

-0.0002 

-0.00004 

(-0.75) 

(-2.41) 

(0.24) 

(-0.12) 

(-0.02) 

Baby  / 100 

-0.008 

-0.046 

0.092 

0.049 

0.067 

(-0.32) 

(-1.51) 

(0.77) 

(0.46) 

(0.70) 

Age65  /1 00 

0.032 

0.082 

-0.034 

-0.017 

-0.017 

(1.80) 

(2.63) 

(-0.37) 

(-0.21) 

(-0.23) 

NDX 

-0.006 

-0.007 

-0.009 

-0.008 

-0.007 

(-11.43) 

(-5.69) 

(-3.33) 

(-3.54) 

/I  AW 

(-3.41) 

Female  / 100 

0.011 

0.029 

-0.026 

0.003 

0.003 

(1.02) 

(1.59) 

(-0.49) 

(0.07) 

(0.07) 

Medicare 

-0.003 

-0.002 

-0.009 

-0.003 

-0.002 

(-1.14) 

(-1.30) 

(-1.09) 

(-0.38) 

(-0.30) 

Medicaid 

0.026 

0.008 

-0.003 

-0.014 

-0.015 

(9.79) 

(2.23) 

(-0.20) 

(-0.91) 

(-1.04) 

Log  (population) 

0.001 

0.0003 

-0.046 

-0.086 

I\  AO  A 

-0.084 

(3.08) 

(0.10) 

(-1.82) 

(-2.25) 

(-2.52) 

Emergency  per  capita 

0.002 

0.001 

-0.003 

0.013 

0.01 1 

(1.18) 

(0.63) 

(-0.26) 

(1.02) 

(1.05) 

Public 

-0.001 
(-0.76) 

Non-profit 

-0.003 
(-3.64) 

Teaching 

-0.001 
(-1.00) 

Urban 

0.001 
(1.27) 

Small  bed 

-0.001 
(-1.11) 

Medium  bed 

-0.002 
(-2.27) 

Constant 

4.644 

4.646 

5.249 

5.636 

5.63 

(335.91) 

(112.41) 

(16.07) 

(12.75) 

(14.36) 

N 

3868 

3868 

3868 

3868 

3868 

R-square 

0.397 

0.764 

Note:  Dependent  variable  is  logarithm  of  (100-adverse  and  iatrogenic  complication  rates) 
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Table  Al  .4   Wound  Infection  Results 


OLS 

Kyi  jij 

FE 

IV  &  FE 

Model 

7 

z 

J 
J 

A 

0  0000 

0  009 

-0  00? 

-0  007 

ICS  iA\ 

(  1  49^ 
(-1.4/) 

(-l.SO) 

(  1  oil 

(-/.US) 

HMO 

0  001 

0  000^ 

0  001 

0  046 

0  O'lO 

(-i.yji) 

i(\  49^ 

CI  741 
(,l./4j 

CI  701 

/VQUVC  iVlCUlall  niTi 

0  OOT 
C  1  01 1 

.0  009 

-0  001 

\J ,\J\J  V 

0  000"? 

0  007 

0  007 

(-1.UJ) 

(U.il) 

CI  AC1 

CI  nil 
(101) 

Age 

0  00004 

0  0000 s 

0  0009 

0  0007 

0  0009 

C  1  1  1 1 

((\  S91 

CI  1  01 

CO  oc;i 

CI  1 1 1 

(l.llj 

DaUy  1  IV/U 

fl  003 

0  oos 

0  018 

0  01 

0  017 

[KJ.o^  ) 

CI  4'nI 
(1.43) 

CI  901 

CI  401 

A(j*>fiS  /1 00 

rt.tC\J J  /  1  \J\j 

0  003 

-CI  009 

-0  019 

-0  01 9 

-0  01 7 

(  0  "KW 

(  1  901 
(-1.ZU) 

C  1  141 

(  1  7'<1 

-fi  000 S 

-0  0005 

-0  001 

\J,\J\I  1 

-0  001 

-0  001 

w.ww  i 

T-Q  361 

C-5  101 

("-3  091 

('-7  681 

C-7  561 

Female  /  100 

-0.002 

-0  001 

-0  006 

-0  004 

W.  WV/T 

-0.004 

(-1.03) 

(-0.30) 

(-1.07) 

(-0.68) 

(-0.74) 

\^en  1  p  a  re 

0  001 

0  001 

0  0009 

0  001 

W.  WW  1 

0  001 

w.Wv  1 

(2.49) 

(1.11) 

(0.21) 

(0.76) 

(0.89) 

A^efiipain 

J,  Vl  ^  U IV^  u  i  u 

-0  0001 

-0  0003 

-0  001 

-0  003 

W.  WW  J 

-0  003 

(-0.21) 

(-0.50) 

(-0.96) 

(-1.33) 

(-1.44) 

T  ncy  1  tior\iiliition  1 

0  0007 

-0  0004 

-0  005 

-0  009 

-0  009 

(3.86) 

(-0.97) 

(-1.72) 

(-1.86) 

(-1.99) 

Ftneroenpv  tier  pnrtita 

0.0001 

-0.0002 

-0.001 

0.001 

0.001 

(0.46) 

(-0.73) 

(-0.61) 

(0.61) 

(0.57) 

Piihtir 

-0  0004 
(-3.08) 

INOIl-piUlll 

0  000"^ 

(  T  OTA 

(-2.87) 

1  cacuing 

0  000'^ 
(-3.03) 

UrDsn 

0  0009 
(-2.07) 

Small  bed 

-0.0003 
(-3.77) 

Medium  bed 

0.00004 
(0.59) 

Constant 

4.607 

4.607 

4.663 

4.708 

4.706 

(3189.76) 

(875.91) 

(135.56) 

(83.34) 

(90.41) 

N 

3868 

3868 

3868 

3868 

3868 

R-square 

0.163 

0.584 

tiote:  Dependent  variable  is  logarithm  of  (100- wound  infection  rates) 
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Table  Al  .5   Major  Surgery  Complication  Results 


OLS 

FE 

IV&FE 

FE 

Model 

I 

2 

? 

•J 

4 

5 

Log  (share) 

-0.00001 

0.00001 

0.0003 

0.0003 

0.00001 

(-0.54) 

(0.23) 

CO  901 

(0.86) 

(0.31) 

HMO 

0.001 

-0.001 

-0.001 

0.003 

-0.001 

(1.42) 

(-0.96) 

(-1  191 

CO  291 

(-0.97) 

Above  Median  HHI 

0.00005 
(0.30) 

CMI 

0.001 

-0.0003 

-0.001 

-0.0004 

-0.003 

(3.40) 

(-0.39) 

(-0.68) 

C-O  361 

(-0.39) 

Age 

0.0001 

-0.0001 

0.00003 

-0.00003 

-0.0001 

(4.50) 

(-0.45) 

(-0.85) 

C-l  041 

(-0.46) 

Age65  /lOO 

-0.01 

-0.002 

-0.001 

-0.001 

-0.002 

(-8.38) 

(-0.91) 

(-0  72) 

f-0  551 

(-0.90) 

NDX 

-0.001 

-0.001 

-0.001 

-0.001 

-0.001 

(-14.80) 

(-7.55) 

(-8.47) 

(-8.48) 

(-7.55) 

Female  / 100 

-0.003 

-0.001 

-0.001 

-0.001 

-0.001 

(-5.27) 

(-1.57) 

(-0.65) 

(-0.65) 

(-1.57) 

Medicare 

0.00007 

0.000007 

0.0002 

0.0002 

0.00007 

(0.30) 

(0.03) 

(0.58) 

(0.59) 

(0.02) 

Medicaid 

-0.001 

-0.00002 

-0.0001 

-0.0002 

-0.001 

(-1.96) 

(-0.03) 

(-0.20) 

(-0.36) 

(-0.02) 

Log  (population) 

-0.00004 

0.001 

0.001 

0.001 

0.001 

(-0.65) 

(1.73) 

(1.79) 

(0.71) 

(1.76) 

Emergency  per  capita 

-0.001 

-0.001 

-0.001 

-0.0004 

-0.001 

(-4.27) 

(-1.32) 

(-1.07) 

(-0.69) 

(-1.32) 

Public 

0.001 
(5.23) 

Non-profit 

0.001 
(7.74) 

Teaching 

0.00006 
(0.45) 

Urban 

-0.0003 
(-1.67) 

Small  bed 

-0.0002 
(-1.37) 

Medium  bed 

-0.0002 
(-1.78) 

Constant 

4.598 

4.591 

4.583 

4.587 

4.591 

(3347.19) 

(708.40) 

(428.54) 

(248.79) 

(702.39) 

N  3106  3106  3106  3106  3106 

R-square  0.233  0.694  -  -  0.694 

Note:  Dependent  variable  is  logarithm  of  (100-major  surgery  complication  rates) 
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Table  Al  .6   Cesarean  Section  Results 


OLS 

FE 

IV&FE 

FE 

Model 

1 

2 

3 
J 

A 
H 

5 

Log  (share) 

0.002 

0.001 

-0.001 

0.012 

0.001 

(2.32) 

(1.39) 

(1.20) 

HMO 

0.069 

0.019 

0  017 

0  171 

0.019 

(4.41) 

(0.75) 

(0.75) 

Above  Median  HHI 

-0.003 
(-0.64) 

CMI 

0.076 

0.009 

0.012 

0.002 

0.009 

(7.56) 

(0.46) 

(0.05) 

(0.47) 

Aee 

-0.004 

-0.006 

-0.006 

-0.008 

-0.006 

(-3.13) 

(-2.05) 

(-1.59) 

(-3.07) 

(-2.04) 

NDX 

0.006 

-0.002 

-0.002 

0.0002 

-0.002 

(2.27) 

(-0.38) 

(-0.33) 

(0.03) 

(-0.37) 

Medicare 

-0.081 

-0.028 

-0.03 

-0.013 

-0.028 

(-4.78) 

(-1.33) 

(-0.93) 

(-0.64) 

(-1.32) 

Medicaid 

-0.024 

0.012 

0.013 

0.002 

0.012 

(-1.09) 

(0.59) 

(0.62) 

(0.08) 

(0.60) 

Log  (population) 

-0.008 

0.0003 

-0.004 

0.013 

-0.001 

(-4.02) 

(0.03) 

(-0.07) 

(0.26) 

(-0.07) 

Emergency  per  capita 

-0.018 

-0.017 

-0.02 

0.005 

-0.017 

(-1.52) 

(-0.92) 

(-0.51) 

(0.22) 

(-0.92) 

Public 

0.022 
(2.87) 

Non-profit 

0.033 
(5.25) 

Teaching 

0.016 
(3.49) 

Urban 

-0.005 
(-0.92) 

Small  bed 

0.02 
(4.27) 

Medium  bed 

0.016 
(4.03) 

Constant 

4.359 

4.446 

4.498 

4.287 

4.459 

(96.19) 

(27.79) 

(6.92) 

(7.80) 

(27.71) 

N 

2803 

2803 

2803 

2803 

2803 

R-square 

0.095 

0.801 

0.801 

Note:  Dependent  variable  is  logarithm  of  (100-cesarean  section  rates) 
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Table  A1.7   Inappropriate  Surgical  Utilization  Results 


OLS 

FE 

IV&FE 

J 
I 

z 

A 
H 

J 

Log  (share) 

-0.0004 

-0.0002 

-0.012 

-0.011 

-0.009 

("-3  fin 

<'-3  3n 

C-9  911 

C-3  311 

HMO 

-0.006 

0.002 

-0.003 

0.209 

0.173 

C9  081 

Above  NledisB  HHI 

-0.017 
C-3  751 

CMI 

-0.028 

-0.005 

0.002 

0.01 

0.007 

(.Oft  A]) 

CI  lOI 

cn  071 

Ace 

0.001 

0.00003 

0.001 

0.001 

0.001 

fO  881 

CO  fiSl 

CO  691 

Age65  /1 00 

-0.038 

0.016 

-0.023 

-0.021 

-0.017 

(-3  46) 

(1  37) 

(-0.65) 

(-0.60) 

(-0.60) 

NDX 

0.001 

-0.0001 

-0.002 

-0.001 

-0.0003 

(5  04) 

f-0  431 

(-\  58t 

C-1  061 

C-0  431 

Female  / 100 

-0.039 

0.026 

-0.033 

-0.015 

-0.011 

(-6.94) 

(2.49) 

(-0.96) 

(-0.44) 

(-0.38) 

Medicare 

0.006 

0.001 

-0.003 

-0.001 

-0.001 

(4.91) 

(1.36) 

(-0.95) 

(-0.40) 

(-0.20) 

Medicaid 

0.015 

0.000 

-0.006 

-0.01 

-0.01 

(7.49) 

(-0.03) 

(-0.83) 

(-1.32) 

(-1.55) 

Log  (population) 

0.001 

-0.001 

-0.026 

-0.042 

-0.041 

(6.57) 

(-0.50) 

(-2.50) 

(-2.37) 

(-2.64) 

Emergency  per  capita 

0.002 

-0.0005 

-0.004 

0.004 

0.003 

(1.80) 

(-0.40) 

(-0.56) 

(0.60) 

(0.58) 

Public 

0.002 
(3.57) 

Non-nrofit 

0.0001 

CO  771 

Teaching 

0.001 
(2  74) 

T  Trnati 

\J  1  Uall 

-0  003 
C-5  sot 

Small  bed 

0.003 
(6.18) 

Medium  bed 

0.001 
(1.83) 

Constant 

4.571 

4.589 

4.935 

5.084 

5.083 

(338.08) 

(122.46) 

(34.09) 

(23.34) 

(26.37) 

N 

3860 

3860 

3860 

3860 

3860 

R-square 

0.453 

0.885 

Note:  Dependent  variable  is  logarithm  of  (100-inappropriate  surgical  utilization  rates) 
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Table  Al  .8   First  Stage  Regression  Results 

Dependent  Variable 

Log  (share) 

HMO 

Income 

0.00004 

-8.41E-08 

(3.29) 

(-0.28) 

Unemployment 

-0.145 

-0.007 

(-2.77) 

(-5.09) 

Large  Firm 

0.020 

0.011 

(0.10) 

(1.77) 

Above  Median  HHI 

-1.718 

0.005 

(-10.45) 

(1.45) 

CMI 

0.271 

-0.045 

(0.52) 

(-2.85) 

Age 

0.058 

0.001 

(1.10) 

(0.42) 

Baby  / 100 

5.657 

0.053 

(1.51) 

(0.50) 

Age65  / 100 

-4.104 

0.001 

(-1.69) 

(0.01) 

NDX 

-0.018 

-0.001 

(-0.23) 

(-0.39) 

Female  / 100 

-2.576 

-0.049 

(-1.51) 

(-1.12) 

Medicare 

-0.222 

-0.011 

(-0.77) 

(-1.65) 

Medicaid 

-0.693 

0.026 

(-1.28) 

(2.04) 

Log  (population) 

-3.292 

0.065 

(-4.69) 

(2.38) 

Emergency  per  capita 

-0.086 

-0.027 

(-0.17) 

(-2.80) 

Constant 

43.487 

-0.545 

(4.82) 

(-1.61) 

R-square 

0.655 

0.927 

Note:  Both  models  have  3868  observations,  and  they  include  hospital  fixed  effects  and  year  dummies. 
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Table  A1.9  Estimation  Results  for  an  Alternative  Specification 
(Dependent  variable:  100-complication  rate) 


Model 

1 

2 

3 

4 

5 

6 

7 

RE 

RE 

IV&FE 

IV&FE 

FE 

FE 

IV&FE 

Log  (share) 

0.008 

-0.013 

-1.718 

-0.183 

0.001 

0.060 

-0.913 

(-0.72) 

(-0.42) 

(-3.28) 

(-2.42) 

(0.31) 

(1.19) 

(-3.89) 

HMO 

-0.195 

-1.10 

39.093 

3.872 

-0.078 

1.287 

16.947 

(-0.67) 

(-1.34) 

(2.76) 

(2.11) 

(-0.97) 

(0.71) 

(2.44) 

Above  Median  HHI 

-0.01 

-0.087 

-3.107 

-0.314 

0.005 

-0.205 

-1.69 

(-0.15) 

(-0.44) 

(-3.17) 

(-2.24) 

(0.31) 

(-0.71) 

(-3.82) 

N 

3128 

2799 

3868 

3868 

3106 

2803 

3860 

Dependent  variable 

Average: 

99.64 

93.89 

97.69 

99.75 

99.14 

73.95 

98.39 

Note:  Heteroskedasticity  corrected  t-statistics  are  in  parentheses.  Model  numbers  are  1 :  Mortality  results,  2: 
Obstetrical  results  3:  Adverse/Iatrogenic  results,  4:  Wound  infection  results,  5:  Major  surgery  complication 
results,  6:  Cesarean  section  deliveries  results,  7:Inappropriate  surgical  utilization  results. 
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Chapter  2:  Measuring  Hospital  Cost  Efficiency 


2.1  Introduction 

Health  care  expenditures  in  the  US  are  substantially  higher  than  in  all  other  industrialized 
countries.  The  shares  of  health  care  expenditures  in  GDP  more  than  doubled  from  1960 
to  1990.  It  reached  to  13  percent  in  1999  and  expected  to  reach  15.5  percent  in  2008 
(Health  Care  Financing  Administration  2001).  The  growth  in  total  health  care  spending  is 
accompanied  by  an  overall  increase  in  health  care  costs  from  all  sources  including 
hospital  costs.  Total  hospital  cost  has  grown  by  7.6  percent  per  year  in  the  period  of  1980 
to  1998.  The  rate  of  growth  is  even  higher  in  government  programs:  nine  percent  in 
Medicare  program  and  10.2  percent  in  Medicaid.  In  some  states  such  as  Florida,  the  rates 
of  growth  in  government  programs  are  even  higher.  For  the  same  period,  Florida  hospital 
costs  in  Medicaid  program  increased  by  3.6  percentage  points  more  than  the  national 
average.  Compared  with  national  average,  hospital  cost  in  Medicare  was  1.1 -percentage 
point  higher  in  Florida  (Health  Care  Financing  Administration  2001). 

In  an  effort  to  control  rapidly  rising  health  care  costs,  not  only  employers  but  also 
state  and  federal  governments  have  chosen  managed  care  plans  to  provide  health  care  for 
their  beneficiaries.  As  a  consequence.  Medicare  enrollment  in  health  maintenance 
organizations  (HMOs)  increased  rapidly  in  the  last  decade.  There  were  more  than  3.1 
million  Medicare  beneficiaries  enrolled  in  HMO  plans  by  1995  (InterStudy  1996). 

Managed  care  organizations  (MCOs)  intervene  in  treatment  decisions  by  limiting  the 
types  of  treatments  or  providers  from  whom  treatment  can  be  obtained.  They  provide 
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coverage  for  health  care  through  a  predetermined,  selectively  contracted  network  of 
providers,  which  gives  them  power  to  extract  lower  prices  as  well  as  better  coordinate  the 
care  provided.  For  an  extensive  discussion  see  Glied  2000.  Although  this  feature  of 
managed  care  is  accepted  as  an  effective  tool  in  controlling  health  care  costs,  it  is  not 
clear  whether  cost  saving  is  achieved  at  the  expense  of  quality  reduction.  Decrease  in 
health  care  costs  due  to  managed  care  may  come  from  different  sources.  It  may  be  due  to 
quality  reduction  for  the  same  hospital  product  or  efficiency  gain  as  providers  allocate 
their  resources  more  efficiently  or  a  combination  of  both.  This  unresolved  question  on 
cost  efficiency  is  the  primary  focus  of  this  chapter. 

In  addition  to  rapid  increase  in  managed  care,  extensive  horizontal  consolidation  in 
hospital  markets  is  another  important  feature  of  US  health  care  industry  during  the  last 
decade  (for  an  extensive  review  see  Gaynor  and  Haas- Wilson  1999).  In  two  years  from 
1994  to  1996,  more  than  40  percent  of  all  hospitals  were  involved  in  mergers, 
acquisitions,  joint  ventures  or  partnerships.  There  were  more  than  200  hospital  mergers  in 
1997  alone  (Haas-Wilson  and  Gaynor  1998).  This  recent  dynamic  in  hospital  markets  has 
raised  questions  about  anti-competitive  behavior  of  hospitals  in  the  form  of  raising  prices 
and  gaining  bargaining  power  relative  to  insurers  and  self-insured  firms.  However,  net 
impact  of  mergers  on  social  welfare  is  not  obvious  due  to  the  fact  that  horizontal 
consolidation  can  have  both  pro-competitive  and  anti-competitive  impacts.  As  firms 
decrease  in  number  and  increase  in  size,  the  possibility  of  exercising  market  power 
increases.  Mergers  are  one  means  of  acquiring  excess  firm  capacity  and  committing  to 
price  aggressively  to  deter  entry  (Spence  1977).  At  the  same  time,  it  is  plausible  to  argue 
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that  horizontal  integration  promotes  cost  efficiency  by  decreasing  excess  capacity  in  the 
industry  (Connor  et  al.  1997). 

The  aim  of  this  chapter  is  to  measure  hospital  cost  efficiency  using  panel  data  from 
the  State  of  Florida  and  to  test  the  impact  of  market  concentration  and  managed  care 
penetration  on  efficiency.  To  do  this,  it  is  necessary  to  estimate  the  relative  efficiency  of 
different  hospitals  rather  than  to  estimate  cost  function  only.  It  is  important  to  define 
minimum  cost  for  a  given  output  and  input  combination  in  order  to  determine  if  a 
difference  in  costs  between  two  hospitals  is  due  to  the  fact  that  one  is  efficient  while  the 
other  is  not.  It  is  even  possible  that  both  may  be  inefficient.  It  is  therefore  necessary  to 
apply  frontier  cost  approach  to  quantify  the  sources  of  cost  inefficiency. 

Only  a  few  studies  have  applied  stochastic  frontier  cost  function  techniques  to  US 
hospital  markets  (Freeh  and  Mobley  2000;  Zuckerman,  Hadley,  and  lezzoni  1994).  The 
model  applied  in  these  studies  is  based  on  the  assumption  that  inefficiency  is  constant  and 
requires  specific  distributional  assumption.  However,  panel  data  techniques  provide 
alternative  definitions  for  the  estimation  of  inefficiency  that  does  not  require  these 
assumptions.  In  order  to  assess  the  robustness  of  inefficiency  measures  to  time  invariance 
and  distributional  assumption,  I  use  both  cross  sectional  and  panel  data  models  (Schmidt 
and  Sickles  1984;  Comwell,  Schmidt  and  Sickles  1990).  These  approaches  are  discussed 
in  a  greater  detail  in  section  2.4. 

The  plan  of  the  chapter  is  as  follows.  Section  2.2  provides  a  background  and  brief 
review  of  the  frontier  literature.  Section  2.3  presents  the  sample,  data  sources,  model 
specification  for  cost  function  and  variable  definitions.  Empirical  issues  including 
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hospital  inefficiency  measures  under  different  assumptions  are  discussed  in  section  2.4. 
The  sensitivity  analysis  of  hospital  efficiency  measures  is  examined  in  section  2.5.  In 
section  2.6,  I  discuss  the  empirical  analysis  for  hospital  inefficiency  obtained  from 
section  2.4.  I  also  estimate  a  hospital  inefficiency  model  in  order  to  quantify  the  impacts 
of  managed  care  penetration  and  hospital  competition  on  efficiency.  Section  2.7  contains 
the  results  from  regression  analysis.  The  last  section  is  devoted  to  a  brief  summary  and 
conclusions. 

2.2      Background  and  Literature  Review 

Many  theoretical  articles  have  argued  that  a  profit  incentive  is  the  major  determinant  of 
efficiency.  In  an  early  study,  Freeh  (1976)  claims  that  non-profit  firms  choose  a  lower 
firm  wealth  and  greater  non-pecuniary  benefits  than  for-profit  firms.  As  non-pecuniary 
benefits  include  elements  other  than  quantity  and  quality  of  output,  non-profit  firms 
exhibit  higher  production  costs  than  for-profit  firms.  Freeh  tests  this  argument  using  data 
fi-om  health  care  markets  and  concludes  that  for-profit  firms  are  more  efficient.  Although 
he  points  out  the  importance  of  quality  cutbacks  as  a  crucial  determinant  of  cost  savings, 
he  fails  to  control  for  quality  changes  in  his  empirical  investigation. 

Numerous  studies  examine  the  impact  of  market  structure  and  managed  care  on 
hospital  costs  as  part  of  an  effort  to  estimate  hospital  cost  functions.  Gaskin  and  Hadley 
(1997),  and  Zwanziger  and  Melnick  (1988)  support  the  argument  of  cost  decreasing 
impacts  of  managed  care  penetration  and  competition  in  hospital  markets,  while 
McLaughlin  (1988)  finds  no  significant  effect  of  HMO  growth  on  hospital  expenses. 
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Gruber  (1994)  finds  that  hospital  costs  actually  rise  in  more  competitive  markets  fi-om 
1984  to  1988  in  California.  While  many  of  the  previous  studies  focused  only  on 
California,  Gaskin  and  Hadley  (1997)  use  more  recent  data  from  84  large  Metropolitan 
Statistical  Areas  (MSAs).  They  conclude  that  both  HMO  penetration  and  increase  in 
competition  have  cost  decreasing  impacts  in  hospital  markets.  Although  the  approach 
utilized  by  these  researchers  is  helpful  for  understanding  cost  changes  and  their 
association  with  certain  policies,  it  may  not  provide  sufficient  knowledge  about  how  far 
certain  hospitals  are  away  fi^om  an  efficient  cost  structure.  The  basic  limitation  of  any 
study  focused  solely  on  costs  is  that  it  is  impossible  to  conclude  what  minimum  costs 
could  or  should  be.  Without  specifying  an  appropriate  level  of  minimum  cost  for  a  given 
output  and  input  combinations,  it  is  difficult  to  determine  if  a  differential  in  costs 
between  two  groups  of  hospitals  is  due  to  the  fact  that  one  is  efficient  while  the  other  is 
not;  both  might  be  inefficient.  The  frontier  cost  function  results  need  to  be  interpreted 
with  this  clear  limitation  in  mind:  the  concept  of  efficiency  is  only  a  relative,  not  an 
absolute,  one. 

Frontier  functions  provide  the  basis  for  defining  efficient  performances,  since  the 
cost  frontier  defines  the  least  cost  boundary  for  certain  output,  input  and  technology 
combinations.  It  is  not  reasonable  to  expect  that  all  hospitals  operate  on  the  frontier.  The 
deviations  from  the  frontier  can  be  considered  as  technical  or  allocative  inefficiency.  The 
goal  of  frontier  studies,  as  stated  in  Reifschneider  and  Stevenson  (1991)  is  to  search  for 
evidence  of  inefficiency.  If  inefficiency  across  firms  is  not  random,  but  some  firms  with 
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certain  characteristics  have  higher  levels  of  inefficiency,  then  it  should  be  possible  to 
identify  the  factors  contributing  to  the  inefficiency. 

Several  approaches  for  the  measurement  of  efficiency  in  production  and  cost  have 
been  developed  since  Farrell  (1957)  who  provides  definitions  and  a  computational 
framework  for  both  technical  and  allocative  efficiency.  Numbers  of  researcher  use  the 
mathematical  programming  methods,  Data  Envelopment  Analysis  (DEA),  based  on  the 
observed  data  in  order  to  measure  the  efficiency  '.  The  basic  idea  behind  this  approach  is 
to  search  for  the  optimal  combination  using  the  actual  combinations  of  inputs  and 
outputs,  hi  cost  applications,  DEA  seeks  the  minimum  cost  associated  with  a  set  of 
outputs.  As  pointed  out  in  Zuckerman  et  al.  (1994),  this  is  not  satisfactory  approach  since 
it  assumes  that  some  observed  production  process  is  efficient,  while  ignoring  that  the 
observations  in  any  data  set  may  be  subject  to  random  fluctuations.  The  DEA  approach 
ignores  the  fact  that  a  firm's  performance  may  be  affected  by  factors  entirely  outside  of 
its  control  such  as  luck,  climate,  and  poor  machine  performance,  as  well  as  by  factors 
under  its  control.  Hence  it  is  plausible  to  assume  that  only  deviations  from  the  frontier, 
which  are  under  firms'  control  -  the  will  and  effort  of  the  producer  and  his  employees  - 
can  be  attributed  to  efficiency  .  Forsund  et  al.  (1980)  criticize  the  DEA  approach  and 
state  that  "to  lump  the  effects  of  exogenous  shocks  together  with  the  effects  of 
measurement  error  and  inefficiency  into  a  single  one-sided  error  term,  and  to  label  the 
mixture  'inefficiency',  is  somewhat  questionable". 

'  Data  Envelopment  Analysis  is  recently  applied  by  Sathye  (2001)  to  Australian  banking  industry  and  by 
Lien  (2000)  to  telecommunication  industry  in  OECD  countries. 

^  For  a  review  of  both  deterministic  and  stochastic  frontier  approaches  see  Forsund  et  al.  (1980). 
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Stochastic  frontier  approach  developed  in  Aigner,  Lovell,  and  Schmidt  (1977)  is  an 
ahemative  approach,  which  relaxes  the  assumptions  in  DEA.  The  main  motivation 
behind  the  stochastic  frontier  approach  is  that  deviations  from  the  frontier  may  not 
always  be  the  result  of  a  hospital's  behavior.  For  instance,  unobserved  random  change  in 
patient  mix  is  assumed  a  part  of  inefficiency  in  DEA  approach  while  it  is  considered  a 
part  of  random  error  in  stochastic  frontier  approach.  Specifically,  the  frontier  approach  is 
based  on  two-component  error  term  in  the  cost  function:  one  normal  and  the  other  from  a 
one-sided  distribution.  More  formally,  the  total  cost  fimction  for  hospital  i  at  time  t  can 
be  defined  as 

c,=cre,-,^,.z,y"'^^'^  (2.1) 

where  v,-  is  a  normally  distributed  random  error  with  zero  mean  and  variance  aj^. 

The  hospital  effect,  m,  is  assumed  to  be  positive  and  is  distributed  so  that  its  absolute 
value  is  normal  with  zero  mean  and  variance  <Ju.  The  positive  disturbance,  m,  reflects  the 
fact  that  each  firm's  cost  must  lie  on  or  above  its  cost  frontier.  Hence  any  such  deviation 
is  the  result  of  factors  under  the  firm's  control,  i.e.  technical  and  allocative  inefficiency. 

Following  the  paper  by  Aigner,  Lovell,  and  Schmidt  (1977),  only  a  few  studies  apply 
stochastic  frontier  cost  approach  into  health  care  markets.  Freeh  and  Mobley  (2000)  study 
the  hospital  markets  in  order  to  identify  the  effect  of  differences  in  inefficiency  on  growth 
and  market  concentration.  Similarly,  Zuckerman  et  al.  (1994)  investigate  whether  low 
profit  hospitals  in  fact  less  efficient  than  high  profit  hospitals  and  also  to  identify  whether 
inefficiencies  are  plausibly  related  to  either  hospital  operating  characteristics  or  market 
forces.  Vitaliano  and  Toren  (1994)  use  the  same  approach  to  estimate  inefficiency  in 
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nursing  homes.  These  studies  define  the  inefficiency  using  the  minimum  technically 
feasible  total  cost  for  each  quantity  and  mix  of  total  output  and  the  level  of  quality  as  a 
reference  point. 

The  above  four  studies  have  based  their  analysis  primarily  on  cross-sectional  data. 
There  are  two  important  drawbacks  in  applying  frontier  model  to  a  cross-sectional  data. 
One  problem  is  that  it  requires  strong  assumptions  to  ensure  the  separation  of  technical 
inefficiency  (e.g.  half-normal)  from  random  noise  (e.g.  normal).  A  second  problem  with 
using  a  cross-sectional  data  in  stochastic  frontier  analysis  is  that  it  may  create  biases  due 
to  omitted  variables  such  as  unobservable  quality.  The  coefficients  of  the  variables 
included  in  the  stochastic  frontier  will  be  biased,  which  may  also  lead  to  biased  estimates 
of  inefficiency  scores.  Existence  of  hospital  specific  unobservable  variables  and 
imperfectly  observable  quality  in  hospital  services  provides  plausible  reasons  for  the 
application  of  panel  data  approach  in  cost  efficiency  analysis.  As  suggested  in  Dor 
(1994),  panel  data  estimators  are  preferable,  because  they  are  less  likely  to  yield  biased 
estimates  of  coefficients  for  variables  in  the  stochastic  frontier  and  require  fewer 
distributional  assumptions  about  the  deterministic  error. 

Although  the  use  of  panel  data  techniques  in  production  and  cost  estimations  has  a 
long  history,  Schmidt  and  Sickles  (1984)  is  the  first  study  to  elaborate  on  the  link 
between  the  frontier  and  panel  data  literature.  They  propose  an  alternative  method  that 
does  not  require  any  distributional  assumption  for  inefficiency  terms  in  order  to  isolate  it 
from  the  statistical  noise.  In  other  words,  panel  data  allow  strong  distributional 
assumptions  to  be  avoided  and  by  observing  each  hospital  more  than  once  in  the  data. 
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inefficiency  can  be  estimated  more  precisely.  As  the  number  of  time  series  observations 
per  hospital  becomes  larger,  hospital  efficiency  can  be  estimated  consistently.  One 
disadvantage  of  the  method  proposed  by  Schmidt  and  Sickles  is  that  the  firm-specific 
inefficiency  is  assumed  to  be  time-invariant  that  is  very  strong  and  unrealistic,  especially 
in  long  panels  (Comwell  and  Schmidt  1996).  In  later  studies,  it  is  shown  that  the 
assumption  of  time-invariance  can  also  be  relaxed  (Comwell  and  Schmidt  1996; 
Comwell,  Schmidt,  and  Sickles  1990;  Kumbhakar  1990).  Their  approach  provides  an 
excellent  opportunity  to  apply  the  panel  data  techniques  while  allowing  hospital 
inefficiency  changes  over  time. 

After  discussing  data  issues  and  model  specification  for  cost  fimction  in  the  next 
section,  I  estimate  hospital  inefficiency  under  different  assumptions  including  time 
invariant  and  time  variant  assumptions.  Then  different  inefficiency  measures  are 
compared  in  order  to  check  the  robustness  of  inefficiency  to  these  assumptions. 

2.3      Data  and  Model  Specification 

This  section  includes  a  discussion  of  sample  and  data  sources,  model  specification  for 
cost  function  and  variable  definitions.  The  discussion  of  main  data  sources  is  followed  by 
a  model  specification  for  hospital  cost  fiinction  and  a  brief  introduction  of  variables  used 
in  the  estimations. 
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2.3. 1      Sample  and  Data  Sources 

The  sample  includes  876  observations,  an  average  of  125  hospitals  per  year  over  a  7-year 
period  from  Florida  ^  Output  measures  such  as  average  age  of  admitted  patients,  number 
of  secondary  diagnosis,  complication  rates,  are  calculated  using  Nationwide  Inpatient 
Sample  (NIS)  from  the  Agency  for  Health  Care  Research  and  Quality  (AHRQ).  NIS  is 
the  largest  currently  available  inpatient  care  database,  which  contains  data  from 
approximately  6.5  million  hospital  stays  from  about  850  hospitals  in  each  year.  It  also 
includes  more  than  100  clinical  and  non-clinical  variables  for  each  hospital  stay. 

The  main  database  is  the  American  Hospital  Association  (AHA)  Aimual  Hospital 
Survey,  which  contains  variables  about  admissions,  cost  measures,  staffing,  and  other 
hospital  level  variables  such  as  ownership  status,  bed  size,  and  locations,  teaching  status. 
Since  it  provides  information  for  all  hospitals  including  name  and  zip  codes,  Herfmdahl- 
Hirschman  Index  (HHI)  of  concentration  in  the  market  is  calculated  from  this  database. 
Additionally,  proportions  of  Medicare  and  Medicaid  discharges  and  surgical  operations 
are  calculated  using  AHA  database. 

In  addition  to  NIS  and  AHA  database,  I  use  the  Area  Resource  File  (ARF),  which  has 
coimty  level  information  on  demographic,  economic,  and  health  factors,  and  Health  Care 
Financing  Administration  (HCFA)  Case-mix  index  file.  The  HCFA  Case-mix  index  file 
provides  a  measure  of  the  costliness  of  cases  treated  by  a  hospital  relative  to  the  national 
average  cost  of  all  Medicare  hospital  cases,  using  Diagnosis  Related  Group  (DRG) 


^  The  data  covers  all  years  from  1990  to  1997,  except  1993.  Since  AHA  database  has  inconsistent 
information  on  surgical  operations  and  hospital  costs,  data  from  1993  are  excluded. 
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weights  as  a  measure  of  relative  costliness  of  cases.  This  variable,  in  addition  to  other 
output  measures  is  used  in  order  to  control  for  unobserved  severity  differences  among 
different  hospitals. 

2.3.2     Specification  for  the  Cost  Function 

In  previous  literature,  the  parameters  of  the  cost  function  are  estimated  in  a  translog  form, 
which  is  a  good  approximation  of  a  flexible  functional  form  (Breyer  1987;  Christensen 
and  Greene  1976).  However,  the  main  objective  of  this  chapter  is  to  obtain  robust  firm- 
specific  measures  of  overall  inefficiency  rather  than  estimating  traditional  cost  function 
of  partial  effects  of  certain  variables.  By  following  Freeh  and  Mobley  (2000),  hospital 
cost  fi"ontier  function  is  estimated  in  the  form  of  a  first-order  logarithmic  approximation 
as  in  equation  (2.2) 

log  C,  =a  +  J3,  log  e,  +     log  W.,  +     log  Z,  +  e,  (2.2) 

where  C,,  is  the  total  expenditures,  Qu  stands  for  output  measures,  Wu  is  wage  and  Z„ 
includes  output  descriptors  for  hospital  /  at  time  t.  Errors  are  composed  of  two  terms: 
statistical  noise  and  measures  of  inefficiency  for  each  hospital  relative  to  the  most 
efficient  hospital. 

Table  2.1  reports  definitions  and  descriptive  statistics  for  all  variables  used  in  the 
analysis.  The  main  explanatory  variables  are  the  output  and  output  characteristics. 
Hospital  output  is  measured  in  volume.  I  use  admissions  and  outpatient  visits  rather  than 


■*  Hospital  efficiency  is  also  estimated  using  cross  product  and  second-order  terms  in  the  cost  frontier.  The 
correlation  coefficients  for  efficiency  estimates  from  these  different  specifications  are  0.88  for  time  variant 
inefficiency  measure,  and  0.91  for  constant  inefficiency  measure. 
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Table  2.1      Means  and  Standard  Deviations  of  Variables 


Variables 

Definition  of  variables 

Mean 

Std. 
Dev. 

Cost 

Log  (total  expenditures) 

17.38 

1.07 

Admissions 

Log  (total  admissions) 

8.50 

1.02 

Visits 

Log  (Outpatient  admissions) 

10.69 

1.03 

Wage 

Log(total  payroll  expenses  divided  by  the  number  of 

10.23 

0.22 

full-time  equivalent  employees) 

Average  Patient  Characteristics: 

Adverse 

Percentage  of  Adverse/iatrogenic  complications  in 

2.80 

2.16 

total  discharges 

Wound 

Percentage  of  Wound  infections  in  total  discharges 

0.28 

0.19 

Age 

Average  age  of  admitted  patients 

53.42 

11.66 

Baby 

Percentage  of  infants  (less  than  one  year  old) 

8.20 

8.30 

Age65 

Percentage  of  elderly  (65  and  above) 

46.30 

17.35 

Died 

Percentage  oi  patients  died  during  the  treatment 

3.29 

1.55 

NDX 

Average  number  of  secondary  diagnosis 

4.43 

1.13 

Female 

Percentage  of  female  patients 

56.90 

5.17 

Hospital  Characteristics: 

Medicare 

Percentage  of  Medicare  discharges 

45.16 

14.62 

Medicaid 

Percentage  of  Medicaid  discharges 

19  19 

o.o  1 

Surgical  outpatient 

Percentage  of  outpatient  surgical  visit  in  total 

5.20 

4.44 

outpatient  visits 

Surgical  inpatient 

Percentage  of  inpatient  surgery  in  total  admissions 

31.14 

13.29 

Log  (size) 

Logarithm  of  total  number  of  beds 

5.02 

0.90 

CMI 

HCFA  Case-mix  index  of  each  hospital 

1.37 

0.21 

Urban 

Urban  hospitals 

0J7 

0.42 

Teaching 

Teaching  hospitals 

0.05 

0.22 

Public 

Hospitals  owned  and  operated  by  public  parties 

0.16 

0.37 

Non-profit 

Non-profit  private  hospitals 

0.47 

0.50 

County  Level  variables: 

Income  per  capita 

Per  capita  income  by  county  (thousand  U.S  dollars) 

20.58 

5.73 

Bed 1000 

Number  of  beds  per  1000  in  the  county 

4.74 

4.19 

Log  (population) 

Logarithm  of  county  population 

12.42 

1.34 

Unemployment 

Unemployment  rate  in  the  county 

6.27 

2.12 

Emergency 

Outpatient  emergency  admissions  per  1000 

384.65 

132.10 

HHI 

Herfindahl-Hirschman  index  by  county 

0.37 

0.30 

HMO 

HMO  penetration  by  county 

0.14 

0.10 
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patient  days  as  output  measures.  Although  the  length  of  stay  is  affected  by  the  treatment 
decision  of  a  hospital,  flow  of  patients  is  not  directly  determined  by  the  hospital.  Hence 
as  opposed  to  length  of  stay  or  patient  days,  it  is  assumed  in  this  and  earlier  studies  that 
the  number  of  individuals  treated  is  exogenous  (Breyer  1987;  Freeh  and  Mobley  2000; 
Zuckerman,  Hadley,  and  lezzoni  1994).  In  addition  to  volume,  dimensions  of  output 
beyond  volume  are  also  considered.  It  is  plausible  to  expect  that  Medicare  and  Medicaid 
patients  may  differ  from  the  general  population  in  terms  of  average  severity  of  illnesses. 
For  this  purpose,  two  payer  mix  variables,  the  percentage  of  Medicare  and  Medicaid 
discharges,  are  included.  In  order  to  capture  the  service  intensity  differences  among 
hospitals,  proportions  of  inpatient  and  outpatient  surgeries  in  total  admissions  and  in  total 
outpatient  visits  are  also  included  in  the  cost  function. 

The  shape  of  the  cost  function  is  affected  by  the  factors  other  than  output  and  input 
prices.  In  order  to  capture  the  heterogeneous  nature  of  hospital  products,  both  average 
patient  and  hospital  characteristics  are  included.  It  is  plausible  that  one  hospital  may 
experience  a  high  rate  of  cost  due  to  admitting  severely  ill  patients  and  providing  high 
level  of  quality.  If  one  cannot  control  for  these  factors,  then  the  measured  inefficiency 
scores  will  have  an  upward  bias  for  high  quality  hospitals.  Use  of  observed  demographic 
differences  in  patient  mix  such  as  average  patient  age,  percentage  of  patients  who  are 
older  than  64  and  younger  than  one  year  old,  and  proportions  of  female  patients,  is  one 
solution  to  this  problem.  Additionally  case-mix  index  of  each  hospital,  proportion  of 
patients  who  experience  adverse  and  iatrogenic  complications  and  wound  infections  (for 
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an  extensive  discussion  see  Chapter  1),  and  average  number  of  secondary  diagnosis  are 
used  to  control  for  heterogeneity  in  patient  mix.  t 

2.4      Empirical  Framework 

This  section  presents  estimation  procedures  for  both  hospital  cost,  and  hospital 
inefficiency.  First,  estimation  procedures  for  hospital  cost  function  is  discussed  in  detail. 
I  present  stochastic  cost  function  estimations  for  both  cross  sectional  and  panel  data 
cases,  hi  section  2.4.2,  I  discuss  different  inefficiency  measures  using  different  cost 
fiinction  estimations  under  different  assumptions. 

2.4.1      Frontier  Estimations 

The  stochastic  frontier  cost  fiinction  is  estimated  using  an  algorithm  based  on  the  model 
developed  by  Aigner,  Lovell,  and  Schmidt  (1977).  The  method  assumes  that  the  error 
terms  in  equation  (2.2)  is  defined  as  =u,.  +v., ,  where  v,,  is  a  normally  distributed 
random  error  and  inefficiency  term,  w,  is  drawn  from  a  half  normal  distribution. 

The  algorithm  provides  maximum  likelihood  estimator  using  OLS  as  starting  values. 
After  the  function  converges,  it  calculates  inefficiency  scores  for  each  hospital  using  the 
procedure  defined  in  Jondrow  et  al.  (1982)  ^.  The  method  is  based  on  a  cross-sectional 
data  and  assumes  time  invariant  firm  inefficiency.  At  first,  I  estimate  the  stochastic  cost 
function  by  treating  the  sample  as  a  cross  sectional  data.  I  also  assume  that  m,  is  half 

'  If  the  frontier  function  is  defined  in  terms  of  original  values,  this  calculation  does  not  require  any 
corrections.  However,  in  logarithmic  specification  Efexp(-Ui)\  u,  +vj  rather  than  Efui  \  Ui  +vj  should  be 
used.  Neither  Freeh  and  Mobley  (2000)  nor  Zuckerman,  Hadley  and  lezzoni  (1994)  make  this  correction. 
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normal  random  variable.  Model  1  in  Appendix  Table  A2.1  presents  the  parameter 
estimates  of  the  cost  function. 

Secondly,  stochastic  cost  function  is  estimated  using  a  random  effect  approach.  The 
algorithm  is  similar  to  the  cross-sectional  case.  It  uses  OLS  estimates  as  starting  values. 
By  treating  the  sample  as  a  cross  sectional  data,  it  uses  maximum  likelihood  estimates  as 
an  intermediate  step.  Finally  maximum  likelihood  estimator  is  calculated  from  the 
hospital  panel  data  ^.  The  procedure  is  based  on  the  assumptions  that  inefficiency  is  both 
constant  over  time  and  half-normally  distributed.  The  results  are  presented  in  model  2  of 
Appendix  Table  A2.1.  For  both  of  the  frontier  cost  fimction  estimations  above, 
inefficiency  scores  for  each  hospital  are  calculated  using  the  procedure  described  in 
Battese  and  Coelli  (1988). 

Under  the  assumption  that  panel  data  on  a  sample  of  firms  are  available,  the  method 
proposed  in  Battese  and  Coelli  (1988)  provides  a  generalization  of  the  results  in  Jondrow 
et  al.  (1982).  However,  specific  distributional  assumption  for  inefficiency  is  srill  needed 
to  separate  it  from  random  noise.  Schmidt  and  Sickles  (1984)  and  Comwell,  Schmidt  and 
Sickles  (1990)  propose  alternative  methods  to  avoid  distributional  assumptions  for 
inefficiency.  Comwell,  Schmidt  and  Sickles  (1990)  present  a  model  in  which  time 
invariance  is  also  relaxed.  These  models  require  the  estimation  of  the  cost  function  using 
panel  data  techniques.  I  use  random  effects  in  order  to  estimate  the  parameters  in  the  cost 
fimction.  Since  the  stochastic  cost  function  is  estimated  using  random  effects,  stochastic 


*  This  is  implemented  using  the  FRONTIER  routine  in  LIMDEP  version  6.0. 
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inefficiency  measures  obtained  from  this  method  are  directly  comparable  with  those  from 
cost  estimations  ^. 

Appendix  Table  A2.2  presents  the  parameter  estimates  of  the  cost  function  from 
random  effects.  After  obtaining  parameter  estimates  in  cost  fiinction,  one  can  calculate 
the  relative  inefficiency  scores  for  each  hospital  under  the  assumption  that  one  hospital 
(few  if  all  have  the  same  efficiency  level)  are  100  percent  efficient.  As  noted  above,  it  is 
possible  that  both  distributional  and  constant  inefficiency  assumptions  can  be  relaxed. 
Section  2.4.2.2  includes  a  discussion  of  these  issues  and  presents  the  methodology  for 
relative  inefficiency  calculations. 

2.4.2      Hospital  Inefficiency  Measures 

In  the  rest  of  this  section,  I  discuss  inefficiency  measures  under  different  assumption  for 
hospital  effects.  Hospital  inefficiency  is  used  in  both  a  technical  and  allocative  sense. 
Technical  inefficiency  is  defined  either  as  producing  the  maximum  output  for  a  given 
level  of  inputs,  or  using  minimum  inputs  to  produce  a  certain  level  of  output.  The 
allocative  inefficiency,  on  the  other  hand,  measures  the  deviation  from  the  cost-effective 
allocation  of  resources  in  producfion.  A  firm  is  assumed  to  be  allocafively  inefficient  if 
the  marginal  rate  of  substitution  between  any  two  inputs  is  not  equal  to  the  corresponding 
input  price  ratio. 

Hospital  inefficiency,  measured  as  a  percentage  deviation  from  the  most  efficient 

'  The  second  advantage  of  applying  random  effects  is  to  include  time  invariant  hospital  features  as 
regressors.  The  location  and  teaching  status  for  instance  control  other  cost-affecting  factors,  which  are  out- 
of  hospital's  control. 
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cost  structure,  includes  both  technical  and  allocative  inefficiencies.  Since  the  dependent 
variable  in  cost  function  is  defined  in  logarithmic  form,  I  define  inefficiency  as  one 
minus  inverse  of  exponential  w,  or  m„  depending  on  the  assumption  for  hospital  effects. 

2.4.2. 1   hiefficiency  Estimations  from  Stochastic  Cost  Functions 

Inefficiency  scores  are  calculated  using  residuals  from  the  stochastic  cost  fiinction.  The 
calculation  is  based  on  the  assumption  that  m,'s  are  drawn  from  a  half-normal  distribution. 
Then  inefficiency  for  each  hospital  is  calculated  as  one  minus  the  conditional  expectation 
for  the  exponential  of  minus  . 

Under  half-normal  assumption  conditional  expectation  is  defined  as  follows  (Battese 
and  CoeUi  1988;  Greene  1991): 

E[exp(-u, )  I  e,  J  ^  {tl^l^^i^d^}  exp(-^i]  +  O.Scrt )  (2.3) 

where  Ei{=Ui  +  v„  is  the  total  residual  from  stochastic  cost  fiinction  estimation.  O  stands 
for  cumulative  normal  distribution  and  ///  and      are  defined  as  follows. 

p.\^-a- eja' ^Tr'a],  al=a'al(al^T.^a' r  (2.4) 
where     and      denote  the  variances  of  Su  and  v,v  respectively. 

In  equation  2.4,  Ti  stands  for  number  of  years  hospital  /  observed  in  the  sample.  This 
is  a  general  form  and  can  easily  be  applied  to  a  cross  sectional  data,  where  Ti=l  for  all  /, 
and  the  mean  of  Su  over  t  collapses  to 

Using  the  method  defined  above,  inefficiency  scores  are  estimated  for  each  hospital 
and  the  summary  statistics  are  presented  in  Table  2.2.  Inefficiency- 1  in  the  Table  stands 
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for  inefficiency  estimates  from  the  cross-sectional  stochastic  frontier  approach  and 
inefficiency-2  denotes  the  inefficiency  estimates  from  random  effect  stochastic  frontier 
approach. 

Table  2.2      Inefficiency  Measures  from  Four  Different  Methods 
A.  Sample  Statistics  for  Four  Inefficiency  Measures 


Inefficiency- 1    Inefficiency-2    Inefficiency-3  Inefficiency-4 


Mean 

0.166 

0.195  0.313 

0.381 

Standard  deviation 

0.087 

0.114  0.120 

0.133 

Minimum 

0.026 

0.018  0.000 

0.000 

Maximum 

0.653 

0.635  0.676 

0.757 

B.  Pearson  Correlation  Among  Four  Inefficiency  Measures 

Inefficiency- 1 

Inefficiency-2  Inefficiency-3 

Inefficiency-2 

0.724 

Inefficiency-3 

0.628 

0.949 

Inefficiency-4 

0.698 

0.777  0.822 

Note:  Inefficiency- 1:  Inefficiency  scores  using  cross-sectional  stochastic  cost  function.  Inefficiency-2: 
Time  invariant  inefficiency  scores  using  random  effect  stochastic  cost  fimction.  Inefficiency-3:  Time 
invariant  inefficiency  scores  without  distributional  assumption.  Inefficiency-4:  Time  variant  inefficiency 
scores  without  distributional  assumption 

Alternatively,  I  calculate  hospital  inefficiency  using  cross  sectional  stochastic 
frontier  approach  and  impose  constant  inefficiency  assumption  using  equation  (2.3)  and 
(2.4).  In  order  to  do  this,  I  use  stochastic  cost  frontier  routine  in  LIMDEP  version  6.0  for 
each  year  separately.  After  calculating  the  residuals  for  each  hospital  from  these 
estimations,  I  impose  constant  inefficiency  assumption  and  calculate  the  hospital 
inefficiency  using  the  method  introduced  in  Battese  and  Coelli  (1988).  These  results  are 
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referred  to  inefficiency- 1 A  and  their  correlation  with  panel  inefficiency  estimates  is 
presented  in  Appendix  Table  A2.3.  The  correlation  coefficients  between  inefficiency- 1 A 
and  panel  inefficiency  estimates  are  less  than  0.51  as  shown  in  Table  A2.3.  The 
correlation  is  weak  compared  to  the  results  in  Table  2.2.  This  suggests  that  constant 
inefficiency  assumption  is  stronger  than  distributional  assumption  for  hospital  effects  and 
imposes  significant  restriction  on  hospital  inefficiency  analysis. 

2.4.2.2   hiefficiency  Estimations  fi-om  Other  Approaches 

The  methods  described  in  previous  section  are  based  on  time  invariance  assumption  and 
distribufional  assumption  for  hospital  effects.  Altemafively,  Schmidt  and  Sickles  (1984) 
propose  a  method  in  which  distributional  assumption  can  be  avoided.  For  this  purpose,  it 
is  convenient  to  rewrite  the  model  in  equation  (2.2)  as 

logC,=a^+X,,p  +  v.,  (2.5) 
where  a,  =  a  +       and  Xu  is  a  matrix  of  all  dependent  variables.  Once  we  obtain 
estimates  for  p  using  usual  panel  data  techniques  -  random  effects  in  this  case  since  w,  is 
treated  as  a  random  variable  -  it  is  easy  to  recover  the  estimates  of  the  firm  intercepts  by 
using  the  procedure  defined  below. 

Suppose  that  residuals  fi-om  the  cost  fimction  are  defined  as  e„  =  log  Cu  -  Xu  'j3.  Then 
it  is  plausible  to  estimate  firm  intercepts,  aj  as 

«<=:rZ^"  (2.6) 
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Using  estimates  of  hospital  intercepts  from  equation  (2.6),  one  can  estimate  the  m,  for 
each  hospital  i  as 

A  A 

u.  =«.  -min(ai)  (2.7) 

After  obtaining  w,  for  all  hospitals  from  equation  (2.7),  inefficiency  scores  for  each 
hospital  are  calculated  as  one  minus  exponential  of  minus  This  is  based  on  the 
assumption  that  one/few  hospitals  with  minimum  hospital  effects  are  100  percent 
efficient  relative  to  all  others.  This  is  denoted  by  the  second  term  of  equation  (2.7)  ^. 
These  inefficiency  scores  are  labeled  inefficiency-3  in  Table  2.2. 

Although  the  approach  defined  here  relaxes  the  distributional  assumption  for  it 
still  assumes  that  hospital  inefficiency  is  constant  over  time.  To  relax  time  invariance 
assumption,  one  can  assume  that  the  hospital  effects  have  two  components:  a,,  =  +  m„. 
The  first  term  is  common  frontier  intercept  at  time  t  while  the  second  term  is  time  variant 
inefficiency  measure. 

Furthermore  suppose  that  hospital  effects  are  a  parameterized  function  of  time,  /  with 

parameters  that  vary  over  hospitals.  Let  a,,  be  defined  as  follows: 

J 

«..=E^.(M)^'  (2.8) 

In  equafion  (2.8)  above,  the  choice  of  /  determines  the  number  of  parameters 
estimated  for  each  hospital.  While  it  provides  flexible  form  for  hospital  effects,  larger 
values  for  J  significantly  decrease  the  degrees  of  freedom.  Therefore,  I  choose  the 

*  Suppose  that  hospital  j  has  the  minimum  hospital  effect.  Then  Uj  will  be  zero  from  equation  (2.7).  This 
implies  that  inefficiency  score  for  hospital  j  is  also  zero  since  [l-(l/exp  (0))]  is  zero.  Hence  hospital  j  is 
assumed  to  be  100  percent  efficient. 
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quadratic  form  for  equation  (2.8)  as  in  Comwell,  Schmidt  and  Sickles  (1990)  and  Bauer 
(1990). 

It  is  plausible  to  use  the  residuals,  eu  from  the  cost  function  in  order  to  estimate 
0i(j+i).  Since  the  residuals  are  the  estimates  of  (au  +  ViJ,  one  can  regress  e„  for  hospital  / 
on  time  and  time  squared  to  estimate  parameters  in  equation  (2.8)  for  each  hospital. 
Hence  the  fitted  values  from  each  regression  provide  an  estimate  of  time  variant  hospital 
effects,  Uit  that  is  consistent  (for  all  i  and  t)  as  T  goes  infinity  (Comwell,  Schmidt,  and 
Sickles  1990).  The  same  condition  is  also  required  for  consistency  in  the  model  proposed 
by  Schmidt  and  Sickles  and  in  random  effect  stochastic  frontier  approach. 

I  follow  Battese  and  Coelli  (1988)  who  use  a  3-year  panel  data  to  apply  stochastic 
frontier  approach  to  the  Australian  dairy  industry.  Therefore  I  include  hospitals  from  the 
State  of  Florida,  which  are  observed  at  least  for  3  years  in  a  7-year  panel  data  ^. 

Once  hospital  effects  are  estimated,  one  can  calculate  hospital  inefficiency  as  a 
difference  between  estimated  hospital  effect  for  hospital  /  at  time  t,  and  the  frontier 
intercept  at  time  t.  For  each  year,  the  least  inefficient  hospital  is  determined  and  assumed 
to  be  100  percent  efficient.  Then  the  inefficiency  scores  are  calculated  for  all  other 
hospitals  by  taking  the  least  inefficient  hospital  as  a  reference  point  (for  appHcations  in 
airline  industry  see  Atkinson  and  Comwell  1994;  Atkinson  and  Comwell  1998). 
Therefore  m„  is  defined  as 

A  A 

",v  =a,-mina.,  (2.9) 


'  The  choice  is  also  determined  by  the  availability  of  the  data.  It  is  important  to  mention  that  3-7  years  are 
generally  not  viewed  as  approximately  infinite. 
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where  the  second  term  is  the  frontier  intercept  at  time  t. 

The  inefficiency  scores  labeled  inefficiency-4  in  Table  2.2  are  calculated  using  the 
method  described  above.  Although  an  advantage  of  this  method  is  that  it  imposes  fewer 
assumptions  on  hospital  effects,  the  major  disadvantage  is  the  sensitivity  of  inefficiency 
scores  to  outliers,  especially  when  an  outlier  turns  out  to  be  a  benchmark  hospital.  For 
this  purpose,  I  apply  a  statistical  test  to  identify  and  test  the  sensitivity  of  results  to 
outliers.  The  next  section  includes  these  discussions  and  other  sensitivity  analysis  for 
inefficiency  estimates. 

2.5      Sensitivity  Analysis  for  Inefficiency  Estimates 

This  section  examines  sensitivity  analysis  for  the  inefficiency  estimates.  After  examining 
the  sensitivity  of  results  to  outliers,  I  analyze  other  dimensions  of  sensitivity  such  as 
duration  of  sample,  variable  selection  in  cost  function,  and  assumptions  on  inefficiency 
measures.  It  is  likely  that  inefficiency  estimates  are  affected  by  the  size  and  duration  of 
the  sample.  Additionally,  inefficiency  estimates  may  be  highly  sensitive  to  inadequate 
control  for  case-mix  variables  and  unobservable  hospital  characteristics.  Therefore,  I 
evaluate  sensitivity  of  results  to  variable  choice  in  frontier  cost  function  estimation. 

Although  the  methods  described  in  sub-section  2.4.2.2  impose  fewer  assumptions  on 
hospital  effects,  it  is  likely  that  these  results  are  sensitive  to  outliers.  I  apply  a  statistical 
test  for  the  existence  of  outliers  in  the  sample  using  the  method  of  Hadi  (1992,  1994). 
The  procedure  is  based  on  a  measure  of  distance  from  an  observation  to  a  cluster  of  r 
points  defined  as  a  starting  base.  Then  the  cluster  is  continually  redefined  by  taking  r+1 
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points  closest  to  the  cluster  as  the  new  base  cluster.  This  procedure  continues  until  some 
rule  stops  the  redefinition  of  the  cluster  (Stata  Corporation  1997). 

The  test  is  applied  for  the  entire  sample  and  for  each  year  separately.  The  diagnostic 
test  identifies  outlier  only  at  the  upper  end  but  not  at  the  lower  end.  Since  these  hospitals 
-  3  different  hospitals,  total  of  8  observations  since  one  hospital  is  identified  as  an  outlier 
only  in  two  years  -  are  not  identified  as  benchmarks,  they  do  not  affect  the  inefficiency 
estimates  for  other  hospitals.  Additionally  the  analysis,  both  the  summary  statistics  for 
inefficiency-4  in  Table  2.2  and  regressions  in  Table  2.5,  are  not  very  sensitive  to  these 
observations.  I  apply  the  same  test  to  inefficiency-3  of  Schmidt  and  Sickles  (1984)  in 
order  to  check  its  robustness  to  outliers.  The  mean  inefficiency  drops  by  1  percent  when  I 
remove  these  three  outlier  hospitals  and  in  Table  2.4  the  OLS  estimates  for  HHI  and 
quadratic  term  for ///// become  less  significant. 

In  order  to  examine  the  sensitivity  of  estimates  to  duration  of  the  sample,  I  truncate 
the  length  of  the  panel  to  use  only  the  most  recent  three  years  of  data  for  every  hospital.  I 
calculate  inefficiency  scores  in  order  to  examine  the  correlation  of  the  efficiency  scores 
from  this  truncated  sample  and  the  full  sample.  The  model  of  inefficiency-3  is  used  since 
there  is  not  enough  observation  to  estimate  the  time  dimension  precisely.  The  simple 
correlation  between  inefficiency-3  from  the  full  sample  and  new  inefficiency-3  from  the 
sub-sample  is  0.85  with  a  mean  of  0.33  and  standard  deviation  of  0.12.  The  strong 
correlation  is  also  presented  in  Figure  A2.1.  It  is  plausible  that  this  correlation  may  result 
from  the  distribution  of  observation  over  time  i.e.  better  representation  of  truncated 
sample  for  the  full  sample.  Although,  most  of  the  observations  are  observed  in  the  final 
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years  in  truncated  sample,  35  percent  of  truncated  sample  is  observed  in  earlier  years.  To 
avoid  this  problem,  I  create  an  artificial  sample,  which  includes  only  those  hospitals 
observed  throughout  the  sample  period  (7-year  balanced  panel  data).  This  artificial 
sample  consists  of  49  percent  of  full  sample.  Then,  two  truncated  samples  are  created 
from  this  artificial  sample:  one  for  the  first  3  years  (1990-1992)  and  one  for  the  last  3 
years  (1995-1997).  I  estimate  inefficiency-S  for  each  truncated  sample  and  artificial 
sample. 

Table  2.3  presents  sample  statistics,  correlation  matrix  and  mean  comparison  test  for 
alternative  inefficiency-3  measures.  hiefficiency-3A  stands  for  inefficiency  measure 
calculated  using  the  artificial  sample  of  7-year  panel  data,  hiefficiency-3 A.  1  and 
Inefficiency-3 A.2  denote  inefficiency  measures  for  the  period  of  1990-1992  and  1995- 
1997  respectively.  Figure  A2.2  plots  ineffiency-3A.l  and  inefficiency-3  A.2. 

As  shown  in  Table  2.3,  mean  inefficiency  is  31  percent  in  1990-1992  period  but 
decreases  to  28  percent  in  1995-1997  period.  The  simple  Pearson  correlation  of 
inefficiency  measures  from  two  different  sample  periods  is  0.51  suggesting  that  the  same 
set  of  hospitals  have  different  inefficiency  over  time  or  that  the  inefficiency  measures  are 
not  very  stable.  Mean  comparison  test,  shown  in  the  bottom  panel  of  Table  2.3,  also 
provides  evidence  against  time  invariance  assumption  for  inefficiency  scores.  Both  mean 
comparison  test  and  descriptive  statistics  suggest  that  time  invariance  assumption  of 
hospital  inefficiency  is  unrealistic  and  imposes  significant  restriction  on  hospital 
inefficiency  analysis. 
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Table  2.3      Alternative  Inefficiency-3  Measures 


A.  Sample  Statistics  for  Alternative  Inefficiency-3  Measures 

Inefficiency-3A       Inefficiency-3  A.  1  Inefficiency-3A.2 
Mean  0.337  0.307  0.280 


Standard  deviation  0.110  0.121  0.110 

Minimum  0.000  0.000  0.000 

Maximum  '  0.654  0.567  0.567 

B.  Pearson  Correlation 

Inefficiency-3  A  Inefficiency-3  A.  1 
Inefficiency-3  A.  1  0.799 
Inefficiency-3  A.2                0.815  0.514 

C.  Mean  Comparison  Test  for  Inefficiency-SA.  1  versus  Inefficiency- 3  A.  2 

Prob-value  t-statistics         Degrees  of  Freedom 

Mean  test  0.002  3.198  182 

Note:  Inefficiency-3A:  Inefficiency-3  calculated  using  only  those  hospitals  observed  in  all  7  years. 
InefFiciency-3A.l:  Inefficiency-3  calculated  using  only  those  hospitals  observed  in  1990-1992. 
Inefficiency-3A.2:  Inefficiency-3  calculated  using  only  those  hospitals  observed  in  1995-1997 

Furthermore,  I  examine  the  sensitivity  of  inefficiency  estimates  to  the  specification 
and  choice  of  variables  in  the  fi-ontier  function.  First,  I  include  net  payroll  benefits  into 
the  cost  fimction  as  an  additional  input  price  variable.  The  correlation  coefficient  between 
original  and  new  inefficiency  estimates  fi-om  this  specification  are  0.97  for  both 
inefficiency-3  and  inefficiency-4  measures.  To  control  for  output  heterogeneity,  which 
leads  to  overestimation  of  hospital  inefficiency,  I  include  both  patient  level  variables  and 
HCFA  casemix  index  of  each  hospital.  Other  researchers  when  estimating  these  fi-ontiers 
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on  other  data  have  not  always  used  patient  level  variables.  Therefore,  it  is  useful  to 
evaluate  the  power  of  these  variables  on  inefficiency  estimates. 

After  omitting  all  patient  characteristics  from  the  frontier  function,  I  re-estimate 
inefficiency-3  and  inefficiency-4  for  each  hospital.  This  leads  to  negligible  -  less  than  0.5 
percentage  point  -  change  in  mean  inefficiency  in  both  cases.  The  correlation  coefficient 
between  original  and  current  inefficiency  measures  is  very  close  to  one  (over  0.99) 
suggesting  that  patient  level  characteristics  have  no  significant  impact  on  inefficiency 
estimates.  This  result  is  consistent  with  earlier  research.  For  instance,  Zuckerman  et  al. 
(1994)  also  find  a  similar  result  and  conclude  that  hospital  level  characteristics  rather 
than  patient  level  output  descriptors  have  significant  effect  on  inefficiency  estimates.  To 
evaluate  the  power  of  HCFA  casemix  index  variable  on  inefficiency,  I  estimate 
inefficiency  scores  without  HCFA  casemix  index  variable  in  the  frontier  function.  In  this 
case,  mean  inefficiency  increases  by  3  to  4  percentage  points.  Also  the  correlation 
coefficient  decreases  to  0.95  suggesting  that  HCFA  case-mix  index  variable  has 
significant  power  in  explaining  casemix  differences  among  hospitals  and  ignoring 
severity  controls  such  as  HCFA  casemix  index  variable  creates  misleading  conclusions. 

2.6      Empirical  Analysis  of  Hospital  Inefficiency 

In  this  section,  I  introduce  an  empirical  model  to  examine  the  impact  of  managed  care 
penetration  and  hospital  competition  on  inefficiency  using  regression  analysis.  I  use 
hospitals  as  the  unit  of  analysis  and  look  at  the  inefficiency  as  a  dependent  variable.  The 
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following  form  of  the  inefficiency  model  is  estimated  using  four  different  inefficiency 
measures  of  earlier  section: 

Inefficiency,  =  f(HHI„,.HMO„,.Y)  +  ^,  (2.10) 

where  HHImt  measures  the  competition  in  market  m  at  time  t,  HMOmt  is  the  market  level 
managed  care  penetration  at  time  /.  Y  stands  for  all  other  variables  including  second  order 
and  cross  product  terms  of  HHImt  and  HMOmt- 

In  order  to  identify  the  impact  of  competition  on  the  level  of  efficiency,  I  use  market 
level  Herfindahl-Hirschman  index  as  a  measure  of  competition.  The  impact  of  managed 
care  penetration  on  efficiency  is  captured  using  county  level  HMO  penetration  as  a 
regressor.  It  is  plausible  that  inefficiency  is  different  in  highly  concentrated  markets  and 
in  markets  with  high-managed  care  penetration.  For  this  purpose,  quadratic  terms  are  also 
included. 

It  is  claimed  in  earlier  studies  that  profit  motives  create  incentives  for  cost  efficiency. 
For  instance  Freeh  (1976)  argues  that  non-profit  firms  invest  more  in  non-pecuniary 
benefits  compared  with  profit  firms.  In  order  to  identify  the  impact  of  ownership  status 
on  efficiency,  dummy  variables  for  public  and  non-profit  hospitals  are  included  in  the 
regressions. 

As  a  first  step,  I  estimate  the  inefficiency  model  in  equation  (2.10)  by  OLS.  Each 
columns  of  Table  2.4  presents  the  parameter  estimates  in  equation  (2.10)  for  each 
inefficiency  measures. 

The  coefficients  of  market  competition  and  ownership  variables  are  significant  and 
have  the  same  sign  in  all  models.  Although,  managed  care  penetration  is  statistically 
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insignificant,  it  becomes  strongly  significant  in  the  last  model,  when  quadratic  term  for 
managed  care  penetration  is  excluded  from  the  model. 


Table  2.4      OLS  Regression  Results  for  Different  Inefficiency  Measures 

Dependent  Inefficiency- 1      Inefficiency-2      Inefficiency-3  Inefficiency-4 

variable: 


HHI 

-0.112 

-0.136 

-0.119 

-0.114 

(-2.53) 

(-2.74) 

(-2.07) 

(-1.90) 

HHI-square 

0.128 

0.174 

0.131 

0.115 

(3.14) 

(3.83) 

(2.60) 

(2.19) 

HMO 

-0.037 

-0.077 

-0.064 

-0.087 

(-0.49) 

(-0.92) 

(-0.61) 

(-0.85) 

HMO-square 

-0.04 

0.01 

-0.071 

-0.145 

(-0.25) 

(0.06) 

(-0.31) 

(-0.65) 

Public 

0.021 

0.065 

0.072 

0.06 

(2.52) 

(6.49) 

(6.53) 

(5.41) 

Non-profit 

0.046 

0.086 

0.088 

0.078 

(7.44) 

(10.97) 

(10.52) 

(8.93) 

Adverse 

-0.003 

0.002 

0.005 

0.006 

(-1.63) 

(1.04) 

(2.15) 

(2.41) 

Wound 

0.059 

0.086 

0.053 

0.041 

(1.82) 

(2.26) 

(1.50) 

(1.09) 

Constant 

0.147 

0.131 

0.253 

0.43 

(9.23) 

(6.76) 

(12.18) 

(20.06) 

N 

876 

876 

876 

876 

R-square 

0.095 

0.181 

0.152 

0.265 

Note:  All  models  include  year  dummies.  Standard  errors  are  corrected  for  heteroscedasticity.  The  numbers 
in  parentheses  are  t-ratios. 
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These  results  provide  evidence  that  high  market  level  managed  care  penetration  is 
associated  with  lower  hospital  inefficiency.  At  the  same  time,  inefficiency  decreases  with 
an  increasing  rate  as  market  concentration  rises  when  regression  results  are  evaluated  at 
the  mean  of  Herfindahl-Hirschman  index.  Alternative  to  the  OLS  results,  I  regress  mean 
of  independent  variables  on  inefficiency-2  and  inefficiency-3.  These  between  regression 
estimations  are  presented  in  Appendix  Table  A2.4.  hi  contrast  to  OLS  results,  coefficient 
estimates  for  market  competitiveness  index  become  insignificant  in  these  models.  This 
decreases  the  possible  bias  due  to  unobserved  quality  in  hospital  inefficiency  analysis.  As 
a  final  step,  I  use  fixed  and  random  effect  models  using  inefficiency-4  as  a  dependent 
variable. 

As  pointed  out  in  Freeh  and  Mobley  (2000),  some  researchers  have  been  skeptical 
about  inefficiency  and  hospital  cost  functions  due  to  the  fact  that  unmeasured  quality  may 
create  bias  in  inefficiency  measures.  If  the  unobserved  quality  shows  up  as  inefficiency 
then  the  correlation  between  market  concentration  and  inefficiency  may  be  due  to  the 
negative  relationship  between  market  concentration  and  high  quality  (Kessler  and 
McClellan  2000;  Sari  2001).  It  is  also  likely  that  unobserved  inherited  input  quality  - 
more  experienced  doctors  and  nurses  -  in  some  hospitals  may  create  bias  in  inefficiency 
calculations.  In  order  to  deal  with  these  problems,  I  assume  that  these  factors  are  constant 
over  time  and  apply  panel  data  techniques  in  estimating  the  parameters  of  equation 
(2.10).  Since  the  inefficiency  is  assumed  to  be  time  invariant  for  the  first  three 
inefficiency  measures,  this  approach  can  be  applied  only  for  time  variant  inefficiency 
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measure  (inefficiency-4).  Additionally,  I  include  adverse  and  iatrogenic  complications 
and  wound  infections  in  these  regressions. 

First,  using  inefficiency-4  as  a  dependent  variable,  I  estimate  the  parameters  of  the 
equation  (2.10)  by  random  effect  models.  Random  effects  require  the  independence 
between  regressors  and  hospital  constant  terms.  By  construction,  this  assumption  does 
not  hold  since  a  correlation  between  market  concentration  and  unobserved  quality  is 
already  assumed.  I  also  test  the  independence  assumption  by  using  a  specification  test  as 
described  in  Hausman  (1978).  The  test  statistics  provides  strong  evidence  against  the 
random  effect  assumption  (prob-value  is  less  than  0.001).  Hence,  I  use  fixed  effect 
model.  These  results  from  panel  data  estimations  are  presented  in  Table  2.5. 

2.7  Results 

Table  2.2  on  page  61  includes  a  summary  statistics  and  correlation  matrix  among  four 
different  inefficiency  measures  of  section  2.4.2.  The  top  panel  of  the  Table  presents  the 
sample  statistics  and  the  bottom  panel  illustrates  the  Pearson  correlation  among  four 
inefficiency  measures.  The  estimates  of  hospital-level  inefficiency  are  quite  similar  to 
previous  research,  which  applies  frontier  cost  function  approach  by  using  a  cross 
sectional  data  on  hospitals  in  California.  For  instance,  overall  inefficiency  is  18.8  percent 
of  total  cost  in  Zuckerman  et  al.  (1994)  and  20  percent  of  total  cost  in  Freeh  and  Mobley 
(2000).  Our  inefficiency  estimates  from  the  similar  approach  also  provide  similar  results. 
Average  hospital  inefficiency  (inefficiency-2  and  inefficiency- 1  in  Table  2.2)  is  19.5 
percent  of  total  cost  in  random  effect  frontier  approach  and  16.6  percent  in  cross- 
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sectional  stochastic  approach.  The  range  goes  from  zero  or  near  zero  for  the  most 
efficient  hospital  to  76  percent  for  the  least  efficient  hospital.  Average  inefficiency  rises 
as  time  invariance  and  distributional  assumption  for  hospital  effects  are  relaxed.  For 
instance,  the  mean  is  the  highest  (38  percent  of  hospital  costs)  for  the  least  restrictive 
model  (inefficiency-4). 

The  Pearson  correlation  matrix  is  also  presented  to  evaluate  the  cardinal  rankings  of 
hospital  inefficiencies  from  different  techniques.  The  correlation  changes  between  0.63 
(between  inefficiency- 1  and  inefficiency-3)  and  0.95  (between  inefficiency-2  and 
inefficiency-3).  Except  for  the  first  measure,  the  correlation  among  others  is  quite  high, 
suggesting  that  hospital  inefficiency  rankings  are  robust  to  model  specification. 

Table  2.4  and  2.5  report  estimation  results  for  inefficiency  model  of  equation  (2.10) 
using  OLS  and  panel  data  approaches.  Although  the  coefficients  for  managed  care 
penetration  and  ownership  status  are  robust  in  all  models,  the  estimate  for  market 
concentration  is  very  sensitive  to  different  assumptions.  The  sign  of  the  coefficient 
changes  in  panel  data  estimations  of  Table  2.5.  As  described  in  previous  section,  it  is 
hkely  that  unobserved  input  and  output  quality  creates  bias  in  OLS  coefficient  estimates. 
For  this  reason,  panel  data  techniques  are  applied  to  time  variant  inefficiency  measure 
(inefficiency-4). 

The  results  suggest  that  HMO  market  share  is  associated  with  lower  hospital 
inefficiency.  Although  the  coefficient  estimate  is  insignificant  in  OLS  results,  the 
negative  association  between  managed  care  penetration  and  inefficiency  holds  for  almost 
all  models.  Other  things  equal,  the  result  from  model  4  in  Table  2.5  implies  that  22 
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percentage  point  increase  in  HMO  market  share  -  an  increase  of  HMO  market  share  from 
mean  of  the  bottom  quartileto  mean  of  top  quartile  -  is  associated  with  3.2  percentage 


Table  2.5      Regression  Analysis  for  hiefficiency-4 


i\untioin  iLjjaci!) 

Fixed  Effects 

Model 

0) 

(2) 

(S) 

(4) 

TirjT 
rttll 

-U.l  14 

U.Ul  i 

0.745 

0.997 

(-1.90) 

(0.11) 

(2.97) 

(4.11) 

1— 1  1— 1  1    o  /nil  1  o  fQ 

JTLTll-bqUarc 

U.  1 1 J 

-U.UZ  1 

-0.70 

-1.03 

(2.19) 

(-0.24) 

(-3.36) 

(-5.05) 

riiviu 

-U.Uo  / 

-U.ZUl 

-0.246 

-0.571 

(-0.85) 

(-2.24) 

(-2.52) 

(-5.59) 

niVlW-oCJUaTc 

U.UjU 

0.061 

-0.071 

(-0.65) 

(0.23) 

(0.47) 

(-0.56) 

riivivj  rirli 

0.881 

{7.87) 

riiDUC 

U.UO 

-u.uiz 

(^-U./8j 

Non-profit 

0.078 

0.017 

(8.93) 

(1.40) 

Adverse 

0.006 

0.002 

0.002 

0.002 

(2.41) 

(1.26) 

(0.79) 

(1.08) 

Wound 

0.041 

-0.008 

-0.012 

-0.005 

(1.09) 

(-0.43) 

(-0.60) 

(-0.27) 

Constant 

0.430 

0.485 

0.376 

0.365 

(20.06) 

(19.66) 

(7.26) 

(7.35) 

N 

876 

876 

876 

876 

R-square 

0.265 

0.487 

0.529 

Note:  All  models  include  time  dummies.  The  numbers  in  parentheses  are  t-ratios 
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point  decrease  in  hospital  inefficiency  To  put  it  differently,  22-percentage  point 
increase  in  HMO  market  share  is  associated  with  8.4  percent  decrease  in  inefficiency 
when  it  is  evaluated  at  the  mean. 

It  is  supported  from  the  findings  that  profit  motives  promote  cost  efficiency. 
Although  OLS  estimates  suggest  a  higher  inefficiency  in  non-profit  and  public  hospitals, 
.the  magnitude  of  inefficiency  decreases  when  panel  data  techniques  are  used.  As 
indicated  in  Table  2.4  inefficiency  in  non-profit  hospitals  is  roughly  8  to  9-percentage 
point  higher  in  the  last  3  models.  On  the  other  hand,  inefficiency  in  public  hospitals  is 
less  than  7-percentage  point  higher. 

After  controlling  for  unobserved  quality  differences,  fixed  effect  results  reveal  that 
hospital  cost  inefficiency  rises  with  higher  market  concentration  as  opposed  to  OLS 
estimates.  However,  increase  in  inefficiency  decreases,  as  markets  become  highly 
concentrated.  The  coefficient  estimate  for  quadratic  term  is  significantly  negative, 
suggesting  that  hospitals  are  less  inefficient  in  highly  concentrated  markets.  In  order  to 
determine  the  range  of  market  competition  at  which  the  marginal  impact  of  HHI  on 
inefficiency  is  significantly  different  from  zero,  I  run  series  of  tests  using  different  HHI 
levels.  The  test  results  reveal  that  the  marginal  impact  of  HHI  on  inefficiency  is  positive 
and  significantly  different  from  zero  only  ii  HHI  is  less  than  0.1 This  suggests  that 
hospitals    are    inefficient    when    the    market    is    very    competitive    and  as 


The  same  increase  in  managed  care  penetration  is  associated  with  6.4  percentage  point  decrease  in 
hospital  inefficiency,  if  the  cost  frontier  is  estimated  by  including  all  second  order  and  cross  product  terms 
for  outputs  and  input  prices. 

"  Marginal  impact  of  HHI  on  inefficiency  is  only  significant  when  HHI  is  smaller  than  0.1.  Although 
insignificant,  the  impact  becomes  negative  when  HHI  is  larger  than  0.5  (see  Appendix  Table  A2.5). 


77 

market  level  competition  decreases,  increase  in  cost  inefficiency  disappears.  In  other 
words,  further  increase  in  market  concentration  (when  HHI  is  higher  than  0.1)  does  not 
increase  the  cost  inefficiency.  Marginal  impact  of  HHI  and  cumulative  frequency 
distribution  of  HHI  is  presented  in  Appendix  Table  A2.5.  These  results  are  consistent 
with  the  argument  that  horizontal  integration  may  promote  cost  efficiency  by  decreasuig 
excess  capacity  in  health  care  markets.  For  instance,  Connor  et  al.  (1997)  supports  the 
pro-competitive  impacts  of  horizontal  consolidation  in  hospital  markets.  Their  arguments 
rest  on  the  existence  of  excess  capacity  in  many  hospitals  as  inpatient  utilization  and 
occupancy  rates  have  fallen. 

2.8      Summary  and  Conclusion 

This  chapter  has  examined  the  impact  of  managed  care  and  market  concentration  on 
hospital  efficiency.  I  use  four  different  models  to  estimate  hospital  specific  inefficiency 
in  Florida  fi-om  a  7-year  panel  data.  The  results  suggest  that  hospital  inefficiency 
measures  fi-om  different  models  are  highly  correlated. 

hi  order  to  relax  the  restrictive  assumptions  in  previous  studies,  I  use  alternative 
models  for  esfimating  inefficiency.  One  of  the  crucial  advantages  of  the  last  model 
implemented  in  this  chapter  is  that  one  can  estimate  hospital-specific  inefficiency  without 
using  particular  distributional  structure  and  time  invariance  assumpfion.  This  is  important 
since  one  can  assess  the  robustness  of  inefficiency  measures  to  time  invariance  and 
distributional  assumption.  The  results  suggest  that  time  invariance  is  a  stronger 
assumption  than  distributional  assumption  for  hospital  inefficiency.  This  clearly  makes 
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sense  in  the  long  run  since  the  structure  of  health  care  provision  and  market  forces 
change  substantially.  Yet  it  matters  here  even  with  only  3  to  7  years  in  the  sample.  The 
other  advantage  of  time  variant  inefficiency  measures  is  that  one  can  control  unmeasured 
factors  such  as  unobserved  quality  using  fixed  effect  panel  data  technique. 

The  results  provide  evidence  in  favor  of  effectiveness  of  managed  care  in 
encouraging  efficiency  in  health  care  markets.  It  is  supported  by  the  findings  in  our 
analysis  that  a  higher  HMO  market  share  is  associated  with  higher  hospital  efficiency. 
Although  there  is  evidence  in  this  direction  in  all  regression  analysis,  the  positive 
association  between  HMO  market  share  and  hospital  efficiency  becomes  significant  after 
controlling  for  unobserved  quality  differences  among  hospitals.  Evaluated  at  the  mean,  an 
increase  of  HMO  market  share  fi-om  mean  of  the  bottom  quartile  to  mean  of  top  quartile 
is  associated  with  8.4  percent  decrease  in  hospital  inefficiency.  The  findings  also  support 
that  profit  motives  create  incentive  for  cost  efficiency.  Although  the  magnitude  of 
inefficiency  decreases  when  time  invariant  assumption  is  relaxed,  overall  inefficiency  in 
both  private  non-profit  and  public  hospitals  is  higher  than  that  of  profit  hospitals. 

After  controlling  for  unobserved  hospital  quality,  results  using  fixed  effects  reveal 
that  hospital  cost  inefficiency  rises  with  higher  market  concentration.  However,  increase 
in  inefficiency  decreases,  as  market  concentration  increases.  The  coefficient  estimate  for 
the  quadratic  term  for  HHI  is  significantly  negative,  suggesting  that  hospitals  are  less 
inefficient  in  highly  concentrated  markets.  When  market  concentration  becomes  larger 
than  a  certain  threshold  (when  HHI  is  higher  than  0.1),  increase  in  cost  inefficiency 
disappears.  This  suggests  that  hospitals  are  inefficient  when  the  market  is  very 
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competitive  and  further  increase  in  market  concentration  does  not  increase  the  cost 
inefficiency. 

This  study  is  based  on  the  assumption  that  time  invariance  and  distributional 
assumptions  can  be  relaxed  by  using  panel  data.  The  consistency  of  parameter  estimates 
in  cost  function,  and  inefficiency  estimates  requires  a  large  sample  over  a  longer  time 
period.  Although,  the  results  derived  in  this  chapter  are  based  on  the  assumption  used 
previously  in  the  literature,  it  is  worthwhile  to  reevaluate  the  issue  with  a  longer  panel 
data  over  hospitals.  Further  research  therefore  would  be  useful  in  enhancing  our 
imderstanding  for  hospital  inefficiency  and  reevaluating  the  assumptions  imposed  in 
previous  literature. 
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Appendix  2:    Supplementary  Tables  and  Figures  to  Chapter  2 
Table  A2. 1    Maximum  Likelihood  Stochastic  Cost  Frontier  Estimations 


Model  1  Model  2 


Coefficient 

t-ratio 

Coefficient 

t-ratio 

Admission 

0.599 

24.320 

0  595 

Visit 

0.160 

23.562 

0.141 

10  330 

Wage 

0.242 

7.939 

0.276 

13  393 

Medicare 

0.082 

1.121 

0.087 

1  505 

Medicaid 

0.068 

0.645 

-0.187 

-9  977 

Surgical  outpatient 

0.785 

3.893 

0.625 

4  191 

Surgical  inpatient 

0.180 

2.976 

0.124 

2.338 

Adverse 

0.011 

2.209 

0.009 

2.094 

Wound 

0.0003 

0.009 

-0.041 

-1.071 

Age 

-0.004 

-0.628 

-0.001 

-0.101 

Baby 

-0.776 

-1.995 

-0.198 

-0.561 

Age65 

-0.184 

-0.608 

-0.087 

-0.341 

Died 

0.313 

0.593 

-0.498 

-1.087 

NDX 

-0.006 

-0.631 

0.001 

0.099 

Female 

-0.340 

-2.113 

-0.061 

-0.342 

CMI 

0.461 

7.651 

0.404 

6.938 

Log  (size) 

0.222 

9.411 

0.214 

9.375 

Income  per  capita 

0.2E-5 

1.177 

-0.1  E-4 

-2.810 

Unemployment 

0.002 

0.464 

0.001 

0.267 

BedlOOO 

0.001 

1.174 

0.011 

14.979 

Emergency 

-0.4E-4 

-1.022 

-0.1  E-4 

-0.167 

Log  (population) 

0.030 

3.577 

0.069 

6.060 

Time 

0.083 

4.736 

0.089 

5.174 

Time2 

-0.008 

-3.675 

-0.007 

-3.381 

Constant 

5.970 

14.347 

5.179 

17.297 

0.055 

0.055 

0.016 

0.015 

X 

1.885 

2.351 

Log-likelihood 

233.3 

371.9 

N 

876 

876 
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Table  A2.2   Random  Effect  Cost  Function  Estimations 


Model  3  Model  4 


Coefficient 

t-ratio 

Coefficient 

t-ratio 

Admission 

0.570 

20.014 

0.567 

19.848 

Visit 

0.134 

11.853 

0.134 

11.853 

Wage 

0.275 

9.304 

0.274 

9.274 

Medicare 

0.108 

2.022 

0.110 

2.056 

Medicaid 

-0.124 

-1.489 

-0.117 

-1.402 

Surgical  outpatient 

0.494 

2.922 

0.502 

2.968 

Surgical  inpatient 

0.117 

2.124 

0.113 

2.056 

Adverse 

0.011 

2.784 

0.010 

2.597 

Wound 

-0.017 

-0.440 

-0.017 

-0.446 

Age 

-0.004 

-0.635 

-0.003 

-0.504 

Baby 

-0.375 

-0.856 

-0.316 

-0.717 

Age65 

0.126 

0.417 

0.096 

0.316 

Died 

-0.438 

-0.976 

-0.406 

-0.900 

NDX 

0.002 

0.281 

0.002 

0.291 

Female 

0.071 

0.362 

0.071 

0.364 

CMI 

0.391 

6.563 

0.388 

6.520 

Log  (size) 

0.199 

7.457 

0.198 

7.413 

Income  per  capita 

-0.1  E-4 

-2.599 

-0.1  E-4 

-2.382 

Unemployment 

0.003 

0.623 

0.004 

0.833 

Bed 1000 

0.013 

7.154 

0.014 

7.205 

Emergency 

-0.5E-5 

-0.100 

-0.5E-5 

-0.094 

Log  (population) 

0.084 

5.571 

0.076 

4.425 

Time 

0.086 

6.352 

0.084 

6.153 

Time2 

-0.006 

-3.995 

-0.006 

-3.854 

Urban 

0.035 

1.053 

Teaching 

0.035 

0.927 

Constant 

5.625 

14.076 

5.684 

14.126 

0.023 

0.023 

0.012 

0.012 

N 

876 

876 
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Table  A2.3   Pearson  Correlation  Matrix  between  Different  Measures 


Inefficiency- 1 A 

Inefficiency-2 

Inefficiency-3 

Inefficiency-2 

0.504 

Inefficiency-3 

0.430 

0.949 

Inefficiency-4 

0.384 

0.777 

0.822 

Note:  Inefficiency- 1  A:  Time  invariant  inefficiency  scores  using  cross-sectional  stochastic  cost  function. 
Inefficiency-2:  Time  invariant  inefficiency  scores  using  random  effect  stochastic  cost  fiinction. 
Inefficiency-3:  Time  invariant  inefficiency  scores  without  distributional  assun^tion.  Inefficiency-4:  Time 
variant  inefficiency  scores  without  distributional  assumption 


Table  A2.4   Regression  Results  fi-om  Between  Estimations 


Dependent  variable: 

Inefficiency-2 

Inefficiency- 3 

HIII 

-0.115 

-0.066 

(-0.84) 

(-0.45) 

TTTTT 

HHI-square 

0.160 

0.097 

(1.41) 

(0.81) 

HMO 

-0.115 

0.028 

(-0.31) 

(0.07) 

HMO-square 

-0.042 

-0.475 

(-0.04) 

(-0.46) 

Public 

0.086 

0.092 

(3.22) 

(3.26) 

Non-profit 

0.091 

0.095 

(4.67) 

(4.62) 

Adverse 

-0.002 

0.003 

(-0.35) 

(0.34) 

Wound 

0.191 

0.129 

(2.24) 

(1.43) 

Constant 

0.064 

0.096 

(0.35) 

(0.51) 

N 

162 

162 

R-square 

0.233 

0.225 

Note:  All  models  include  year  dummies.  The  numbers  in  parentheses  are  t-ratios. 
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Table  A2.5  Marginal  Impacts  of  Market  Concentration  on  Inefficiency 


titil 

Cumulative  jrequency 

Marginal  impact 

for  HHI  (%) 

of  HHI  on  inefficiency 

0 

0 

0.745 

0.06 

0 

0.661 

0.07 

3 

0.647 

0.08 

19 

0.633 

0.09 

25 

0.619 

0.1 

25 

0.605 

0.2 

35 

0.465 

0.3 

49 

0.325 

0.4 

68 

0.185 

0.5 

78 

0.045 

0.6 

82 

-0.095 

0.7 

85 

-0.235 

0.8 

86.5 

-0.375 

0.9 

86.8 

-0.515 

1 

100 

-0.655 

Note:  Marginal  impact  of  HHI  on  inefficiency  is  significantly  different  from  zero  when  HHI  <  0. 1 . 


Figure  A2. 1 
Inefficiency-3: 
Full  sample  versus  most  recent  3 -years 
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Figure  A2.2 
Inefficiency-3: 
1990-1992  versus  1995-1997 
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Chapter  3:  Pharmaceutical  Spending  in  Kazakhstan: 
ImpHcations  for  Designing  Sectoral  Reform 

3.1  Introduction 

The  countries  of  the  former  Soviet  Union  (FSU)  enjoyed  a  tradition  of  universal  access  to 
health  care  services,  as  well  as  considerable  investments  in  curative  medicine,  prevention, 
and  water  and  sanitation.  Coverage  of  health  care  services  was,  in  principle,  comprehensive 
and  free  to  all  citizens  (Health  Observatory  1999).  Ahnost  a  decade  after  the  breakup  of  the 
Soviet  Union,  the  same  principles  of  free  care  remain  in  many  of  the  newly  independent 
states.  This  is  certainly  the  case  in  the  Central  Asian  repubUc  of  Kazakhstan,  where  free 
health  care  is  guaranteed  in  principle  to  all  citizens  according  to  its  Constitution. 
Nevertheless,  Kazakhstan,  like  many  other  coimtries  is  struggling  to  balance  costs  and 
available  resources  as  it  struggles  to  modernize  and  re-structure  its  health  service  delivery 
system.  To  do  this  it  has  been  formally  exploring  new  fiinding  sources,  including  out-of- 
pocket  payments  for  some  services  and  pharmaceuticals.  At  the  same  time,  real  wages  have 
fallen  significantly,  encouraging  growth  in  informal  out-of-pocket  payments  for  services  and 
for  priority  access  to  care.  While  formal  co-pays  are  a  relatively  recent  development, 
informal  payments  persist  from  Soviet  times  and  appear  to  be  worsening  (Lewis  1999). 
Together,  these  revenue  streams  constitute  the  second  most  important  source  of  fiinding  for 
Kazakhstan  health  sector  (Sari,  Langenbrunner  and  Lewis  2000). 

Outpatient  costs  for  pharmaceuticals  are  borne  by  direct  out-of-pocket  payments,  as 
prescribed  by  law,  though  some  vuhierable  groups  such  as  veterans  and  children  under  3 
years  are  protected  (Worid  Bank  1998).  But  access  and  affordability  for  consumers  may  be 
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hurt  by  the  fact  that  pharmaceutical  prices  were  deregulated  in  the  early  1990s.  Secondly, 
pharmacies  were  privatized  which  may  stimulate  competition  in  urban  areas,  but  in  rural 
areas  may  encourage  monopoly  pricing  where  there  are  fewer  outlets. 

Kazakhstan  is  characterized  by  a  very  large  rural  population,  which  also  tends  to  be 
poorer  than  the  urban  population  (World  Bank  1998).  Descriptive  results  from  Sari  et  al 
2000  found  that  out  of  pocket  spending  on  pharmaceuticals  in  rural  areas  and  among  the 
poor  is  lower  in  absolute  terms  but  a  higher  proportion  of  income  than  in  urban  areas  and 
among  the  non-poor.  This  constitutes  access  and  equity  problems.  This  recent  experience 
of  out-of-pocket  payments  in  Kazakhstan  has  important  reform  and  pohcy  implications  that 
could  involve  changes  in  coverage  and  payment  polices  for  pharmaceuticals. 

In  this  chapter,  I  develop  a  formal  econometric  specification  in  order  to  examine 
whether  it  is  low  income,  or  the  weaker  infrastructure  of  rural  areas  that  seems  to  cause 
this  access  problem.  I  estimate  this  model  incorporating  various  measures  of  income  and 
rural  location  as  well  as  socio-demographic  variables.  I  then  use  the  econometric  model 
to  simulate  the  effect  of  two  different  government  policies.  Policy  1  is  to  subsidize 
pharmaceutical  spending  in  all  rural  areas.  I  look  at  the  cost  to  the  government  of  this 
subsidy  program,  and  the  allocation  of  the  spending  between  rural  and  urban  areas.  The 
second  policy  that  I  consider  is  to  grant  an  exemption  to  poor  people  for  the 
pharmaceutical  spending,  so  that  they  do  not  have  to  pay  for  drugs  out  of  pocket.  Then  I 
examine  how  this  alternative  approach  differs  in  terms  of  its  cost  to  the  government  and 
its  fairness  to  poor  and  non-poor. 
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The  rest  of  the  chapter  is  organized  as  follows:  Section  3.2  presents  an  overview  of  the 
Kazakhstan  economy  and  points  out  the  financing  difficulties  in  health  care  sector.  Section 
3.3  discusses  the  out-of-pocket  payment  experiences  from  Kazakhstan  and  other  countries 
of  the  region.  The  same  section  is  also  devoted  to  an  overview  of  the  informal  payments  for 
health  services  using  evidence  from  the  region.  In  section  3.4, 1  discuss  the  methodology  to 
examine  the  impact  of  two  different  government  subsidy  programs:  subsidies  targeted  at 
poor  people  or  people  in  rural  areas.  The  data  and  estimation  issues  are  discussed  in  section 
3.5  and  3.6.  The  results  from  simulation  for  different  government  subsidy  programs  are 
presented  in  section  3.7.  The  last  section  is  devoted  to  a  brief  conclusions  and  discussions. 

3.2  Background 

In  terms  of  basic  health  indicators,  Kazakhstan  Ues  somewhere  between  established 
market  economies  and  middle-income  countries.  Table  3.1  presents  selected  demographic 
and  health  indicators  for  Kazakhstan  and  for  other  selected  countries  including  UK  and 
average  over  European  Union  countries.  Overall  health  status  in  Kazakhstan  started  to 
deteriorate  in  recent  years.  Life  expectancy  is  dropping  and  in  1996  was  only  59.7  years 
for  males,  70.4  years  for  females,  compared  with  an  average  of  64  and  74  for  the  period 
of  1990  to  1995.  From  1990  to  1994,  a  slight  increase  in  infant  mortality  was  observed, 
from  26.4  to  27.4  per  1000  newborns.  The  share  of  the  country's  GDP  devoted  to  health 
care  has  declined  dramatically  since  the  1980s  -  from  6  percent  of  GDP  in  the  mid-1980s 
to  3.3  percent  in  1990,  and  to  2.1  percent  in  1998.  Average  over  OECD  member 
countries  was  8.1  percent  of  GDP  in  1998.  In  real  terms,  per  capita  health  spending  also 
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declined  dramatically.  In  1994  it  was  41  percent  of  that  in  1990.  In  terms  of  purchasing 
power  parity,  per  capita  health  spending  decreased  by  almost  50  percent  from  1990  to 
1995. 


Table  3.1      Selected  Demographic  and  Health  Indicators 


Kazakhstan 

Russia 

Turkey 

UK 

EU 

Life  expectancy  at  birth  (female) 

70.6 

71.7 

68.4 

79.5 

80.7 

Life  expectancy  at  birth  (male) 

59.4 

58.3 

64.1 

74.1 

74 

Infant  mortality  rate 

25.3 

18.2 

56.5 

6.2 

6.1 

Maternal  mortality  rate  [1] 

59.0 

53.3 

6.9 

6.2 

Crude  birth  rate 

14.2 

9.28 

22.4 

12.49 

10.9 

Crude  death  rate 

9.8 

15 

11.01 

9.98 

Source:  World  Health  Organization  (2001),  The  University  of  York  (1998) 

Note:  [1]  Per  100000  live  births.  Data  for  Kazakhstan  is  from  1997,  Turkey  1992,  and  other  countries  from 
1995. 


Spending  on  health  as  a  percentage  of  government  budgets  has  been  relatively  stable 
since  1989,  hovering  at  around  9-10  percent.  However,  the  economy  has  undergone 
severe  recession  in  the  1990s.  Average  annual  growth  of  GDP  in  the  early  1990s  was 
negative,  around  minus  12  percent  (World  Bank  1997).  Decline  in  real  GDP  in 
Kazakhstan  as  in  most  of  the  FSU  countries  over  the  past  several  years  has  contributed  to 
reduced  tax  revenues  being  generated  locally.  During  the  period  1990  to  1994  real 
government  revenue  declined  by  around  70  percent  (Ensor  and  Rittmann  1997). 
Therefore,  available  resources  for  health  care  declined  dramatically.  For  instance. 
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nominal  public  health  care  expenditures  in  Pavlodar  has  fallen  by  19%  since  1995, 
without  accounting  for  the  effects  of  inflation  -  from  1604  in  1995  to  1295  tenge  in  1997 
(World  Bank  1998). 

As  a  response  to  decline  in  revenue  sources  for  health  care  expenditures,  Kazakhstan 
introduced  more  diverse  sources  of  revenue.  These  include  enactment  of  a  self-sustaining 
public  health  insurance  trust  flind  through  a  new  Compulsory  Medical  hisurance  Fund 
(CMIF)  legislation',  employer-based  payroll  contributions,  emerging  private 
supplemental  insurance  sector  and  revenues  through  patient  co-payments  especially 
outpatient  pharmaceuticals  through  formal  coverage  rules. 

With  the  introduction  of  patient  copayments  for  health  services,  the  share  of  out-of- 
pocket  payments  in  total  health  care  budget  increased  significantly.  According  to  Sari  et  al. 
(2000)  estimations,  out-of-pocket  spending  for  all  health  care  services,  covering  both  formal 
and  informal  payments,  constitutes  31  percent  of  health  care  budget  in  1996.  Overall  patient 
co-payments  for  health  care  services  are  lower  than  the  regional  budget,  but  almost  twice 
the  combined  national  budget  and  insurance  payments.  Table  3.2  presents  sources  of 
fimding  for  health  services  in  1996. 

The  same  study  notes  that  two  third  of  out-of-pocket  payments  are  for 
pharmaceuticals  in  Kazakhstan.  Other  studies  from  the  region  also  examine  a  similar  issue 
and  point  out  the  burden  imposed  on  consumers  through  out  of  pocket  payments  for 
health  services.  As  stated  in  earlier  studies,  the  nature  of  these  payments  is  not  known. 

'  Recently  the  Compulsory  Medical  Insurance  Fund  (CMIF)  was  abolished  as  a  health  purchaser. 
Contributions  of  3%  of  payroll  taxes  previously  allocated  for  the  CMIF  were  collapsed  into  a  unified 
payroll  tax  effective  January  1,  1999,  and  there  was  a  public  expenditure  reduction  in  1999  across  all 
sectors  to  reduce  Kazakhstan  debt  position. 
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However,  there  is  enough  evidence  from  different  studies  that  informal  payments  almost 
exist  in  all  countries  from  the  region.  These  issues  are  discussed  in  greater  detail  in  the 
next  section. 


Table  3.2      Sources  of  Funding  for  the  Health  Sector  in  1996  (actual  spending) 


Million 
(tenge) 

Million  ($) 

%  in  GDP 

%  in  Total 
Health  Spending 

National  budget  [1] 

5117 

16 

0.36 

8.32 

Oblast  budget  [1] 

30544 

451 

2.16 

49.67 

Insurance  (payroll)  [1] 

5825 

86 

0.41 

9.47 

Out-of-pocket  payments  [2] 

20005 

295 

1.41 

32.53 

Total 

61492 

908 

4.34 

100.00 

Sources:  [1]  The  University  of  York  (1998) ;  [2]  Sari  et  al.  (2000) 


3.3      Paying  for  Pharmaceuticals 

One  of  the  most  important  features  of  the  health  care  system  of  the  FSU  and  Central  and 
Eastern  Europe  is  the  presence  of  informal  or  under  the  table  payments.  These  payments 
made  to  medical  staff  are  either  expected  or  demanded  by  providers.  Some  health  personnel 
demanded  large  sums  of  money  from  patients  to  provide  services  that  were  supposedly  free. 
Others  received  extra  payments  from  their  patients  in  the  forms  of  gifts  or  tips  on  a  fairly 
regular  basis.  Patients  provide  these  payments  either  to  get  easy  access  for  health  care  or  to 
have  better  quality.  Under  both  circumstances,  these  payments  increase  burden  on  the  poor. 

Supplemental  payments  to  physicians  have  apparently  continued  -  even  grew  -  in  parts 
of  the  FSU  into  mid  and  late- 1990s.    Anecdotal  reports  from  the  region  suggest  that 
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individuals  and  families  are  being  asked  to  pay  more  for  services  both  on  an  inpatient  and 
outpatient  basis,  through  the  use  of  informal  payments  (Rivers  1998).  Leaders  may  be 
unwilling  to  always  openly  change  a  tradition  of  free  care  and  cut  the  use  of  free  benefits 
through  the  political  or  legislative  process.  Nevertheless,  informal  direct  consumer 
payments  for  a  variety  of  services  are  apparently  being  used  with  greater  frequency  to 
generate  more  revenues  for  providers  and  local  facilities  in  FSU  countries  (Ensor  and 
Savelyeva  1998).  Estimates  of  the  level  and  extent  of  informal  payments  have  varied 
among  different  studies  for  countries  from  the  region.  Albert,  Bennett  and  Bojar  (1992) 
find  in  the  Czech  Republic  that  informal  payment  led  to  a  25  percent  increase  in  health 
care  expenditure  in  1988.  hi  a  survey  in  Bulgaria  conducted  in  1994,  42.9  percent  of 
surveyed  people  reported  that  they  had  paid  in  cash  for  officially  free  services  in  a  state 
medical  facility  in  the  preceding  2  years.  These  payments  ranged  from  3  percent  to  83 
percent  of  personal  monthly  income  depending  upon  the  services  provided.  Delcheva, 
Balabanova,  and  McKee  (1997)  state  that  this  situation  pushed  popular  favor  for  both 
official  user  charges  and  health  care  reforms  in  Bulgaria.  Chawla,  Berman,  and 
Kawiorska  (1998)  use  a  family  survey  of  1994  in  Poland  to  show  that  out-of-pocket 
expenditure  accounted  for  38  percent  of  total  expenditure  of  health  care  in  Poland.  They 
fiirther  investigate  the  extent  of  informal  payment  in  one  episode  of  hospitalization.  The 
results  indicate  that  46.2  percent  of  all  expenditure  incurred  by  a  patient  in  one  episode  is 
in  the  form  of  unofficial  payments,  and  that  this  supplemented  net  earnings  of  medical 
personnel  by  an  average  of  1 5  percent. 
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In  Central  Asia,  Ladbury  (1997)  finds  in  a  rural  district  of  Turkmenistan  that  over  50 
percent  of  respondents  had  paid  a  health  care  professional  for  service.  These  payments 
are  either  in  kind  or  money  ranging  from  about  one  dollar  to  200  dollars.  Also  in 
Kazakhstan,  Ensor  and  Savelyeva  (1998)  state  that  in  a  survey,  undertaken  by  the  popular 
newspaper  Caravan  in  1996,  almost  all  patients  surveyed  made  some  payment  to 
practitioners  for  officially  free  treatment.  Although  shortage  of  pharmaceuticals  and  other 
medical  supplies  intensified  in  the  early  to  mid  1990s  in  the  region,  leading  often  to  gray  or 
black  markets,  the  use  of  informal  payments  appears  to  be  spreading  to  other  providers  and 
multiple  settings  as  well  (Barr  and  Field  1996;  Lewis  1999). 

Recent  studies  show  that  expenditure  for  pharmaceuticals  is  the  most  substantial  share 
of  total  out-of-pocket  payments  in  Kazakhstan.  Although  not  known  what  portion  is  formal 
or  informal,  it  is  estimated  that  almost  66  percent  of  out-of-pocket  payments  are  for 
pharmaceuticals  in  1996  (Sari  et  al.  2000).  Other  studies  in  the  region  also  look  at 
estimates  of  the  level  and  extent  of  out-of-pocket  payments,  and  point  out  both  informal 
nature  of  these  payments  and  burden  on  consumers  (for  Russia  see  Feeley,  Boikov  and 
Sheiman  1998;  for  Kyrgzstan  see  Abel-Smith  and  Falkingham  1995). 

In  Kazakhstan,  pharmaceuticals  are  formally  covered  by  the  government  for  inpatient 
care;  though  most  discussions  and  reports  indicate  that  patients  pay  for  up  to  one-half  the 
costs  of  inpatient  care  pharmaceuticals  through  informal  payment  mechanisms  (see  Ensor 
and  Savelyeva  1998).  Novak  et  al  (1996)  undertake  a  5,000+  household  survey  in  1994  in 
the  region  of  South  Kazakhstan.  The  average  cost  per  household  for  pharmaceuticals  was 
1645  tenge  per  hospital  admission  that  is  significant  in  the  context  of  reported  average 
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monthly  household  income  of  only  568  tenge  at  the  time  of  the  survey.  Langenbrunner  and 
Yazbek  (1995)  also  point  out  the  similar  problem  in  Kazakhstan  and  state  that  the  average 
cost  per  household  for  pharmaceuticals  was  almost  three  times  higher  than  reported  average 
monthly  household  cash  income. 

The  extent  of  both  formal  and  informal  payments  has  important  policy  implications  in 
terms  of  equity,  access  and  incentives  faced  by  health  providers.  When  providers  rely  on  a 
large  extent  of  informal  or  formal  patient  contributions  for  health  services,  it  is  likely  that 
they  have  a  tendency  to  induce  demand  towards  those  services  that  yield  greatest  payment. 
These  tend  to  be  medical  treatments  that  include  higher  asymmetric  information  between  the 
provider  and  patients  such  as  medicines,  scanning  technology  and  other  services  that  have 
visible  and  sophisticated  appearance.  The  nature  of  asymmetric  information  between  patient 
and  physician  creates  inefficiency  and  leads  to  greater  inequity  by  increasing  burden  on  the 
poor.  For  instance  patients  often  do  not  have  enough  information  about  the  generic 
altematives  of  drugs,  and  they  must  pay  the  retail  price.  Ensor  and  Savelyeva  (1998)  state 
that  the  retail  price  of  drugs  in  Almaty  is  twice  the  wholesale  price.  The  retail  price  can  be 
even  higher  in  rural  areas  because  of  monopoly  pricing  after  deregulation  in  pharmaceutical 
markets  in  early  1990s  .  Hence  the  burden  on  people  in  rural  areas  may  even  be  larger. 
Although  one  can  argue  that  price  discrimination  by  providers  may  permit  some  cross 
subsidization  between  rich  and  poor,  the  poor  may  suffer  even  more  if  treatment  is  delayed 
because  drugs  or  other  supplies  are  not  available.  Therefore  the  real  cost  to  the  poor  in  terms 

^  For  instance,  Ensor  and  Rittmann  (1997)  state  that  one  organization  dominates  the  provision  of 
pharmaceuticals  through  a  network  of  drug  stores  in  each  districts  of  the  West  of  Kazakhstan.  They  further 
point  out  the  possibility  of  monopolies  after  the  deregulation  in  health  care  markets. 
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of  cost  of  time  spent  out  of  labor  market,  and  cost  of  suffering  from  disease  may  actually  be 
greater.  It  may  be  better  for  the  poor  to  pay  for  these  services  out  of  pocket  than  to  rely  on 
nominally  free,  but  inaccessible  public  suppliers. 

Currently,  the  Government  and  the  World  Bank  and  other  donors  are  collaborating  in 
a  10-year,  $160  million  national  health-restructuring  program  that  aims  at  unproving  the 
quality  and  efficiency  of  health  care  service  delivery  in  Kazakhstan.  The  program  would 
test  new  financing  schemes  at  the  regional  level,  for  review  and  evaluation  and  possible 
replication  nationally.  The  new  approaches  would  include  structured  user  fees,  and 
would  also  test  a  new  coverage  and  benefit  package  for  outpatient  pharmaceuticals.  A 
new  government  program  financed  by  the  World  Bank  will  build  on  rural  reform 
programs  initiated  in  several  oblasts.  Although  the  new  subsidy  program  focus  on  access 
and  equity  issues,  it  is  equally  important  to  know  the  implications  of  these  new  coverage 
programs  on  overall  health  care  budget.  The  programs  lead  to  welfare  loss  while 
transferring  resources  for  the  poor  and  people  in  rural  areas.  Given  the  fact  that  informal 
payments  is  widespread  issue  in  the  country,  it  is  also  important  to  know  whether  new 
coverage  policies  will  be  effective  in  decreasing  the  burden  on  targeted  people.  Since 
extend  of  the  informal  payment  is  not  known  through  the  survey  data  used  in  this  chapter, 
it  is  not  possible  to  identify  precisely  the  impacts  of  different  government  policies  on 
welfare  and  overall  health  care  budget.  However,  the  results  would  be  suggestive  in 
reforming  health  care  sector  in  Kazakhstan. 
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3.4  Methodology 

I  develop  a  formal  econometric  specification  in  order  to  examine  whether  it  is  low 
income,  or  the  weaker  infi-astructure  of  rural  areas  that  seems  to  cause  access  problem. 
The  purpose  is  not  to  identify  parameters  of  the  demand  for  pharmaceuticals  but  to 
analyze  the  government  subsidy  programs  in  extending  the  pharmaceutical  coverage  for 
different  groups.  After  estimating  expenditure  fiinction  for  pharmaceuticals  in  reduced 
form,  I  use  these  results  to  simulate  the  impact  of  two  different  government  policies  on 
total  health  care  spending.  The  first  policy  is  to  grant  an  exemption  to  poor  people  for  the 
pharmaceutical  spending,  so  that  they  do  not  have  to  pay  for  drugs  out  of  pocket.  The 
second  policy  that  I  consider  is  to  subsidize  pharmaceutical  spending  in  all  rural  areas. 
Then  I  examine  how  this  alternative  approach  differs  in  terms  of  its  cost  to  the 
government  and  its  fairness  to  poor  and  non-poor. 

For  this  purpose,  I  simply  assume  that  demand  for  pharmaceuticals  rises  as  their 
price  falls.  Therefore  when  the  coinsurance  rate  is  low,  the  demand  for  pharmaceuticals 
higher  than  when  the  coinsurance  rate  is  high. 

Based  on  results  from  the  RAND  Health  hisurance  Experiment,  I  assume  that  the 
demand  for  pharmaceuticals  has  the  following  form: 

log  Q  =  log  A  + slog  B  (3.1) 
where  Q  stands  for  the  quantity  of  pharmaceutical  use,  A  and  B  are  numeric  constants, 
and  5  is  the  out  of  pocket  share  of  costs  paid  for  by  the  consumers. 
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Initially,  I  assume  that  there  is  no  demand  response  to  subsidy  programs  and  look  at 
the  cost  to  the  government  of  this  subsidy,  and  the  allocation  of  the  spending  between 


Figure  3.1 
Demand  Curve  for  Pharmaceuticals 
Used  for  Simulations 

1.2  T  


Quantity,  expressed  as  a  percent  of  free  amount 


rural  and  urban  areas.  This  imposes  assumption  that  even  after  the  subsidy,  the  volume  of 
pharmaceutical  use  stays  at  its  initial  point  of  Q*  as  shown  in  Figure  3.1.  This  assumption 
is  not  realistic.  As  an  illustration,  I  then  examine  the  implications  to  government 
spending  and  redistribution  of  policies  1  and  2  while  incorporating  a  demand  response. 
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Since  there  is  little  evidence  on  price  responsiveness  in  settings  such  as  Kazakhstan,  I  use 
results  based  on  the  US  studies. 

Evidence  from  Newhouse  et  al.  (1993)  suggest  that  B  is  approximately  0.56,  v^^hich  is 
to  say  that  a  consumer  spends  56  percent  as  much  on  pharmaceuticals  when  they  must 
pay  the  full  price  as  when  they  are  completely  free.  The  share  of  out  of  pocket  spending 
for  pharmaceuticals  in  total  pharmaceutical  expenditures  is  not  directly  available  from  the 
database  but  calculated  using  the  Kazakhstan  Ministry  of  Health  estimations  for  1993 
(Makinen  1993).  The  overall  share  of  out  of  pocket  spending  in  total  pharmaceutical 
spending  is  49  percent  using  the  same  estimates  in  1996.  Since  this  is  only 
approximation,  I  assume  that  s  in  Figure  3.1  is  0.5. 

The  demand  response  to  subsidy  programs  is  calculated  using  the  parameter  values 
for  s  and  B  above.  I  assume  that  subsidy  programs  provide  full  coverage  and  decrease  the 
cost  sharing  to  zero  for  consumers.  The  pharmaceutical  use  expressed  as  a  percent  of  free 
amount  increases  by  33  percent  from  Q*  when  cost  sharing  is  0.5  to  100  when  cost 
sharing  is  zero. 

I  use  this  simple  approximation  of  the  true  demand  curve  to  estimate  the  implied 
increase  in  pharmaceutical  spending  that  would  result  under  the  two  government  policies 
previously  discussed.  It  is  also  possible  to  estimate  the  implied  welfare  loss  under  the 
additional  assumption  that  this  increased  spending  is  only  valued  according  to  the  area 
under  the  demand  curve  used.  This  implies  of  course  that  there  is  considerable  welfare 
loss  from  the  pharmaceutical  program  that  must  be  weighted  against  the  increase  in 
access  and  improved  fairness  of  the  pharmaceutical  subsidy  program. 
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3.5      Data  and  Empirical  Issues 

This  section  presents  the  data  and  empirical  issues.  After  I  describe  the  data,  estimation 
strategy  is  examined  in  detail  in  section  3.5.2.  Then,  I  discuss  estimation  issues  and 
analyze  the  sensitivity  of  results  to  variable  definitions  and  unobserved  health  status. 

3.5.1      Data  and  Descriptive  Results 

This  study  uses  results  from  a  survey  of  Kazakhstan  Living  Standard  Measurement 
undertaken  in  July  1996.  A  total  of  7224  individuals  from  1996  households  participated 
from  different  oblasts  across  the  country.  The  sample  is  nationally  representative,  but  not 
at  the  oblast  level.  After  eliminating  missing  and  inconsistent  data,  the  sample  size 
decreased  to  7073,  17.6  percent  of  which  reported  health  problems  during  the  last  month. 

Of  the  677  respondents  who  answered  they  held  prescriptions  for  pharmaceuticals,  hi 
order  to  analyze  the  distribution  of  burden  due  to  out-of-pocket  spending  for 
pharmaceuticals,  I  use  poverty  line  as  a  benchmark.  The  poverty  standard  estimated  by 
the  Goverrunent  of  Kazakhstan  is  based  on  consumption  rather  than  cash  income,  hi 
1996,  the  minimum  per  capita  consumption  standard  -  poverty  line,  was  determined  to  be 
2861  tenge  per  month  (Kazakhstan  National  Statistical  Agency  1996).  Since  the  World 
Bank  also  uses  the  consumption  based  poverty  measures  in  analyzing  poverty,  the  survey 
conducted  by  the  Bank  and  the  Government  covers  sources  of  consumption  in  detail  to 
construct  a  more  complete  picture  of  consumption  including  food  purchases, 
consumption  derived  from  self-production  and  gifts.  I  use  the  same  approach  in  order  to 
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calculate  income  ^.  The  sample  is  divided  into  two  categories  by  income,  those  who  are 
below  the  poverty  line  and  others,  or  poor  versus  non-poor.  Only  21  percent  of  those 
prescribed  were  poor  overall;  among  the  rural  population  it  was  41  percent. 

When  analyzed  by  poor/non-poor,  30  percent  of  the  poor  reported  they  could  not 
afford  prescribed  drugs.  About  the  same  number  of  non-poor  (25  percent)  reported  the 
same  difficulty.  When  analyzed  by  location,  66  percent  of  these  patients  are  from  urban 
areas  and  most  of  these  people  (41  percent)  are  fi-om  the  lowest  2  income  quintiles. 

Table  3.3      Payment  for  Pharmaceuticals  among  those  prescribed 

Poor  Non-poor  Total 
As  a  percentage  of  monthly  income 

Rural                           36.27  19.67  23.69 

Urban                           43.94  14.05  19.22 

Total                           40.37  16.09  20.93 
As  a  percentage  of  monthly  cash  income 

Rural                           115.66  74.51  83.98 

Urban                           80.00  41.87  48.49 

Total                             95.06  52.95  61.11 

Table  3.3  reports  the  impact  of  payment  for  pharmaceuticals  among  those  prescribed 
as  a  percent  of  both  income  and  reported  cash  income.  These  figures  show  that  the  poor 
are  affected  more  significantly  when  they  pay,  and  this  holds  both  for  urban  and  rural 

Although  the  reported  cash  income  is  available  through  the  survey,  I  use  consumption-based  income.  The 
reported  income  drastically  spreads  out  among  the  people.  If  the  reported  cash  income  is  used  as  a  measure, 
then  the  income  is  underestimated  for  some  groups.  This  is  true  for  rural  areas  where  people  depend  on 
their  own  production. 
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poor.  This  holds  whether  reported  cash  income  or  consumption-based  income  is  used  as 
an  income  measure.  However,  the  share  of  pharmaceutical  spending  is  as  high  as  116 
percent  of  income  if  one  use  reported  cash  income  as  a  measure.  Overall,  the  share  of 
pharmaceutical  spending  in  income  is  21  percent  of  consumption-based  income  or  61 
percent  of  reported  cash  income. 

3.5.2     Estimation  Strategy 

The  pharmaceutical  spending  data  is  only  available  for  prescription  drugs  and  the  survey 
data  does  not  provide  information  about  the  number  of  prescriptions.  I  use  a  model  that 
analyzes  the  expenditures  for  pharmaceuticals  for  those  people  with  prescriptions.  A 
logarithmic  transformation  of  pharmaceutical  spending  is  used  as  an  independent 
variable.  After  the  transformation,  the  distribution  of  spending  seems  roughly  normal. 

Health  care  utilization  data  and  spending  for  pharmaceuticals  have  a  distinctive 
characteristic.  Although,  a  group  of  individuals  does  not  incur  any  spending  for 
pharmaceuticals,  the  distribution  of  spending  among  users  is  skewed.  These 
characteristics  of  health  care  data  led  researchers  to  use  a  two-part  model  to  address  the 
issue  of  non-spenders  and  heavy  spenders.  Duan  et  al.  (1983)  test  alternative  models  of 
the  demand  for  health  care  using  experimental  data.  Their  simulation  supports  the  use  of 
a  two-part  model,  which  is  extensively  used  in  the  economics  of  health  care  research 
(Grootendorst  1995;  Leibowitz  et  al.  1985;  Street  et  al.  1999). 

The  two-part  model  separates  behavior  into  two  stages.  First,  individual  decides  to 
have  a  positive  spending,  and  then  (s)he  decides  about  the  level  of  spending  ,  conditional 
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on  its  being  positive.  Let  medi  be  pharmaceutical  spending  for  individual  /,  and  Xi  be  all 
variables  affecting  her  choice.  The  choice  of  individual  can  be  defined  in  two  separate 
equations.  The  first  equation  that  is  a  probit  equation  for  the  dichotomous  event  of  having 
zero  or  positive  expenses  is  expressed  as 


where  medi>0  if  A  >0,  and  medi=0  otherwise.  The  second  equation  is  a  linear  model  on 
the  log  scale  for  positive  expenses: 


Street  et  al.  (1999)  analyze  the  impacts  of  exemption  status,  and  other  socio-economic 
variables  on  pharmaceutical  spending  in  Russia  using  a  model  defined  above.  The 
probability  of  drug  purchase  is  modeled  using  a  probit  model  as  in  equation  (3.2),  and 
level  of  spending  is  estimated  using  OLS  regression  on  the  logarithm  of  expenditure  as  in 
equation  (3.3). 

The  essence  of  this  model  is  that  the  likelihood  function  can  be  decomposed  in  two 
multiplicative  terms.  Assuming  that  the  first  «/  observations  have  positive  expenses,  the 
likelihood  fianction  is  written  as  in  1/  and  L2  in  equation  (3.4)  below: 


£>,  ^X,p,         where  e,-  ~  N(0,1) 


(3.2) 


log(med,  \D,>0)^  X.fi^  +     ,  where  e^^  ~  N(0, a]  ) 


(3.3) 


\\Pr(med,  >0/  X.)*  J^Pri^meJ.  =0/X.J  , 


"1 


(3.4) 


(■=/ 


where / stands  for  the  probability  density  function. 
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It  is  important  to  note  that  the  separability  of  the  likelihood  function  is  a 
consequence  of  the  way  conditional  densities  are  calculated  and  it  does  not  depend  on 
any  independence  assumption  between  error  terms  in  the  model  (3.2)  and  (3.3)  above, 
(for  an  exclusive  discussion  on  these  issues  and  construction  of  likelihood  fimction  see 
Duan  et  al.  1983). 

The  first  likelihood  function  depends  exclusively  on  parameters  in  the  model  of 
equation  (3.2),  and  the  second  likelihood  function  depends  on  parameters  in  equation 
(3.3).  Since  the  likelihood  function  for  the  entire  sample  is  separable  as  denoted  in 
equation  3.4,  maximizing  each  likelihood  function  separately  (L/  and  L2  separately)  is 
equivalent  to  maximizing  the  likelihood  function  for  the  whole  sample  alone. 

A  two-part  model  is  also  used  in  this  chapter  to  evaluate  spending  for 
pharmaceuticals  in  a  sample  of  people  with  prescriptions.  The  model  estimates  the 
probability  of  incurring  pharmaceutical  spending  conditional  on  having  any  prescription 
and  the  level  of  spending  for  those  people  with  positive  expenditures'*. 

Table  3.4  reports  the  basic  statistics  for  variables  used  in  the  regression  analysis.  The 
next  section  includes  a  discussion  of  estimation  issues  and  estimation  results  using  the 
variables  in  Table  3.4. 


■*  In  the  estimations,  due  to  missing  data  for  some  variables  -  23  missing  observations  in  pharmaceutical 
spending  and  7  in  BMI  - 1  use  a  final  sample  of  647  observations. 


103 


Table  3.4      Variable  Definitions  and  Descriptive  Statistics 


Variables 

Definition  of  variables 

Mean 

Std.  Dev. 

Min 

Max 

Log  med 

Natural  logarithm  of  spending  for 
pharmaceuticals 

6.21 

1.14 

9.62 

Age 

Age  of  respondent 

A  A  CI 

44.  J 1 

1  A 

LI,  14 

A  C\'l 

u.u  / 

Rural 

Dummy  variable  for  respondent's  location 

U.io 

A  ACi 

u.4y 

A 

u 

1 

Female 

Dummy  variable  for  respondent's  sex 

f\  "JO 

U  Jo 

U.49 

rv 
U 

1 

Log  income 

Natural  logarithm  of  consumption  based 
income 

8.47 

0.70 

6.46 

t  ^    1  A 

12.19 

Income 

Consumption-based  income  (in  tenge) 

6413.8 

9332.5 

637 

197510 

Log  earnings 

Natural  logarithm  of  reported  cash  income 

7.65 

0.93 

3.91 

12.09 

Earnings 

Reported  cash  income  (in  tenge) 

3458.7 

8061.3 

50 

177383 

Otology 

1  if  respondent  has  otological  disease 

0.05 

0.21 

0 

1 

Intestine 

1  if  respondent  has  intestine  disease 

0.13 

0.33 

0 

Cardiac 

1  IT  rpcT^rttiHpnf  nac  pjirriiiir*  r\rr\nif*m 

1   11  ICoUUIlUdll  lido  K^alKlkCH^  UiUUlClll 

U.Zo 

Gynecologic 

1  if  respondent  has  gynecologic  disease 

0.05 

0.21 

0 

Injuries 

1  if  respondent  had  any  injuries 

0.03 

0.18 

0 

Skin 

1  if  respondent  has  any  skin  disease 

0.03 

0.17 

0 

Lingering 

1  if  respondent  has  acute  lingering  disease 

0.16 

0.36 

0 

Bad  health 

1  if  respondent  has  poor  or  very  poor  health 
condition 

0.44 

0.50 

0 

Log  BMI 

Natural  logarithm  of  weight/square  of 
height 

3.18 

0.29 

2.26 

5.91 

Chronic 

1  if  respondent  has  any  chronic  Illness 

0.73 

0.45 

0 

1 

Sick  member 

Number  of  sick  members  in  each  household 

1.85 

0.98 

1 

5 

HH  head  sick 

1  if  head  of  the  household  is  sick 

0.43 

0.50 

0 

1 

LogHH 

Natural  logarithm  of  household  size 

1.19 

0.53 

0 

2.48 
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3.6      Estimation  Issues 

Table  3.5  presents  estimation  results  from  one-part  and  two-part  models.  The  first  column 
shows  the  result  from  one-part  model  using  the  entire  sample  including  both  positive  and 
zero  spenders.  The  second  column  and  third  column  present  estimation  from  a  two-part 
model.  Equation  (3.2)  is  estimated  by  a  probit  model  using  the  likelihood  fiinction  Li  in 
equation  3.4.  Furthermore,  pharmaceutical  spending  is  estimated  by  OLS  on  positive 
spenders,  using  the  likelihood  fimction  L2  only. 

The  two-part  model  improves  the  estimation  results  compared  with  one-part  model 
of  the  entire  sample.  Although  all  variables  have  the  same  sign  in  both  models, 
coefficient  estimates  for  different  type  of  illnesses  become  significant  in  the  two-part 
model.  Additionally,  the  F-statistics  and  R  square  values  improve  significantly.  Although, 
both  models  are  based  on  the  assiunption  that  error  terms  in  expenditure  equation  are 
homoscedastic,  this  assumption  is  violated  in  one-part  model.  The  statistical  test  suggests 
that  there  exist  heteroscedasticity  problem  in  one-part  model  but  not  in  the  two-part 
model.  The  p-value  for  the  null  hypothesis  of  homoscedastic  errors  is  less  than  0.001  in 
one-part  model  but  0.91  in  the  two-part  model.  Homoscedasticity  assumption  is  also 
crucial  in  the  simulation  of  the  next  section.  If  this  assumption  is  violated,  then  the 
predictions  based  on  equation  (3.5)  of  the  next  section  are  statistically  inconsistent  for  the 
expected  spending  for  pharmaceuticals.  Hence,  the  calculations  in  the  next  section  are 
derived  from  the  two-part  model. 

Income  elasticity  is  estimated  using  consumption-based  income  as  a  proxy  rather 
than  reported  cash  income.  The  reason  is  that  cash  income  usually  underestimates  the 
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total  income  especially  for  those  people  who  highly  depend  on  own  production.  Total 
food  consumption  is  the  two  thirds  of  total  consumer  expenditures  and  over  a  third  of 
food  consumed  in  Kazakhstan  on  average  comes  from  own-production  (World  Bank 
1998).  Conversely,  consumption-based  income  estimates  include  expenditure  from  all 
sources  except  health  care  spending,  which  is  only  available  in  a  sub-sample  of  the  data. 

It  is  likely  that  consumption  is  highly  correlated  with  low  health  status.  When  an 
individual  is  sick,  one  would  expect  that  individual  devotes  higher  share  of  available 
income  for  health  care  spending  and  fewer  resources  will  be  available  for  other  expenses. 
If  one  cannot  control  for  unobserved  health  status,  then  estimate  of  income  elasticity  will 
be  biased.  In  order  to  control  for  endogeneity,  I  include  reported  health  status,  body  mass 
index  and  a  dummy  variable  for  the  existence  of  a  chronic  disease  and  type  of  illnesses. 

In  order  to  check  for  robustness  of  income  elasticity  estimate,  I  estimate  the  same 
model  using  reported  cash  income  instead  of  consumption-based  income.  Finally,  1 
include  additional  regressors  to  control  for  health  status.  These  additional  regression 
results  are  presented  in  Appendix  Table  3.A1.  In  all  cases,  estimate  for  income 
elasticity  ranges  between  0.15  to  0.20  suggesting  that  the  result  in  Table  3.5  is  not  very 
sensitive  to  variable  definition. 

The  literature  suggests  that  residency  in  rural  areas  is  one  of  the  determinants  of 
health  care  utilization.  The  direction,  however,  is  not  consistent  (Belarajan,  Yuen,  and 
Machin  1987;  Haynes  1991)  but  suggestive  that  rural  resident  seeks  care  less  often  for 
minor  conditions.  Recent  results  from  a  survey  in  Nepal,  for  example,  find  that  reported 
severity  of  illnesses  is  higher  in  rural  areas  (Hotchkiss  et  al.  1998). 
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Table  3.5      Estimations  for  Pharmaceutical  Spending 

Dependent  variable:  natural  logarithm  of  pharmaceutical  spending 


Entire  Sample 

Two  Part  Model 

OLS 

Probit 

OLS 

Coefficient 

t-ratio 

Coefficient 

t-ratio 

Coefficient 

t-ratio 

Socio-Demographic  Factors 

Age 

0.02 

1.11 

0.01 

0.48 

0.01 

1.07 

Age  square 

-0.0004 

-2.06 

-0.0002 

-1.08 

-0.0002 

-2.12 

Rural 

0.46 

2.60 

0.33 

2.25 

0.16 

1.62 

Female 

-0.11 

-0.60 

-0.20 

-1.32 

0.10 

0.95 

LogHH 

0.49 

2.39 

0.33 

2.17 

0.12 

1.12 

Log  income 

0.44 

3.33 

0.27 

2.30 

0.18 

2.76 

Type  of  Illness 

Otology 

-0.63 

-1.57 

-0.29 

-0.89 

-0.43 

-2.03 

Intestine 

0.04 

0.13 

-0.32 

-1.38 

0.38 

2.30 

Cardiac 

0.10 

0.42 

-0.17 

-0.78 

0.24 

1.81 

Gynecologic 

0.21 

0.48 

-0.48 

-1.37 

0.72 

3.17 

Injuries 

0.18 

0.34 

-0.26 

-0.61 

0.38 

1.24 

Skin 

-0.33 

-0.65 

-0.30 

-0.72 

-0.06 

-0.18 

Lingering 

-0.20 

-0.65 

-0.36 

-1.56 

0.17 

1.10 

Health  Status 

Bad  health 

0.44 

2.16 

0.03 

0.17 

0.47 

4.40 

Log  BMl 

0.39 

1.60 

0.22 

0.90 

0.17 

1.32 

Chronic 

0.15 

0.73 

-0.01 

-0.08 

0.18 

1.42 

Constant 

-0.40 

-0.27 

-1.98 

-1.59 

3.45 

4.58 

Observations 

647 

647 

579 

F-statistics 

3.43 

4.82 

Chi  square 

39.75 

R  square 

0.07 

0.11 

Log  likelihood 

-201.76 
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Expected  spending  for  pharmaceuticals  derived  from  a  two-part  model  is 
inconsistent  if  the  characteristics  of  the  current  sample  are  systematically  different  from 
the  sample  of  people  who  do  not  seek  care  (hence  do  not  have  a  prescription)  when  they 
are  sick.  The  possibility  of  sample  selection  bias  is  explored  using  the  Heckman  two-step 
model  (Heckman  1976,  1979).  The  test  for  selection  bias  given  by  the  t-ratio  of  -0.08  on 
the  inverse  Mills  ratio  (or  point  estimate  of  -0.02  and  standard  error  of  0.25)  from  the 
Heckman  two-step  estimator  provides  evidence  against  the  selection  bias  in  the  current 
sample.  Therefore,  I  use  estimates  from  a  two-part  model  for  the  simulations  in  the  next 
section. 

3.7      Implications  for  Health  Care  Reform 

As  income  increases,  spending  for  health  care  also  increases.  This  is  also  true  in  low  and 
middle-  income  countries,  where  individuals  spend  a  similar  proportion  on  health  as 
income  increases  (Schieber  and  Maeda  1998).  The  result  in  this  research  is  consistent 
with  this  conjecture  and  with  previous  studies  from  the  region.  For  instance.  Street  et  al. 
(1999)  estimates  the  income  elasticity  of  drug  expenditures  in  Russia  in  three  different 
oblasts.  Their  result  ranges  between  0.15  and  0.22. 

The  result  for  income  elasticity  with  respect  to  total  pharmaceutical  spending  in 
current  research  is  very  close  to  the  result  in  Street  et  al.  (1999)  with  an  income  elasticity 
of  0.18  for  pharmaceutical  spending.  This  result  suggests  that  upper-income  group  people 
spend  more  in  absolute  terms,  consistent  with  other  research  in  transition  countries 
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(Makinen,  Waters  and  Rauch  2000).  However,  low-income  groups  pay  relatively  higher 
share  of  their  income  for  pharmaceuticals  that  imposes  significant  burden  on  consumers. 

The  rest  of  the  section  examines  the  burden  on  different  population  groups  and 
discusses  the  feasibility  of  different  government  subsidy  programs.  To  evaluate  the  real 
burden  of  out  of  pocket  spending  for  pharmaceuticals,  I  calculate  the  implied  spending 
and  share  of  spending  in  income  and  cash  income  using  estimates  from  the  previous 
section. 


Table  3.6      Predicted  Pharmaceutical  Spending  among  those  prescribed 


Average  Implied  spending 
(tenge) 

Percent  of  monthly 
income 

Percent  of  monthly 
cash  income 

Poor 

661 

33.62 

39.49 

Rural 

730 

40.78 

54.16 

Urban 

598 

28.19 

31.25 

Non-poor 

848 

11.17 

21.51 

Rural 

964 

13.38 

34.98 

Urban 

782 

10.01 

17.19 

Rural 

902 

15.31 

37.09 

Urban 

748 

10.95 

18.27 

Female 

794 

14.52 

25.92 

Male 

794 

11.21 

21.04 

Total 

808 

12.48 

23.05 

Let  cZ>be  a  standard  normal  cumulative  distribution  function.  Under  the  two-part 
model,  expected  pharmaceutical  spending  for  an  individual  with  characteristics  Xi  is 

E[med^\XJ  =0(X,j3J*<Pexp(X,j3J  (3.5) 
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where   ip  =  E[exp(€2i)J  =exp(al  /  2),  which  holds  only  if  the  errors,    e^^,  is 

homoscedastic  and  normally  distributed  (Duan  et  al.  1983). 

Table  3.6  presents  the  predicted  pharmaceutical  spending  by  income,  gender  and 
location.  These  are  calculated  for  an  individual  with  average  characteristics  in  each  sub- 
sample  using  equation  (3.5)  above. 

The  poor  pays  less  than  non-poor  in  absolute  terms,  however,  their  payments  for 
pharmaceuticals  constitute  higher  share  of  their  income.  This  is  also  true  when  one  use 
cash  income  as  a  measure.  The  share  of  income  devoted  to  pharmaceuticals  is  almost  34 
percent,  approximately  22-percentage  point  higher  for  the  poor.  This  is  significantly 
higher  for  the  rural  poor. 

On  the  average,  people  in  rural  areas  spend  more  for  pharmaceuticals  compared  with 
people  in  urban  areas.  This  holds  for  both  rural  poor  and  non-poor.  However,  the  rural 
poor  pay  a  significant  share  of  their  income  for  pharmaceuticals. 

Table  3.7  presents  the  implied  national  spending  and  share  of  these  spending  in 
health  care  budget.  These  simulations  are  based  on  the  assumption  that  probability  of 
having  any  prescription  for  the  same  proportion  of  Kazak  population  is  constant  over 
time.  1  consider  two  different  government  subsidy  programs.  Policy  1  assumes  that  fiill 
coverage  for  pharmaceuticals  is  provided  to  poor  people.  On  the  other  hand,  policy  2  is 
based  on  the  assumption  that  only  people  in  rural  areas  receive  free  coverage  for 


110 

pharmaceuticals.  Under  the  assumption  that  free  coverage  is  provided  for  certain  groups, 
I  estimate  the  share  of  nationwide  spending  in  1996  health  care  budget  ^. 

Although  unrealistic,  initially  I  assume  that  subsidy  programs  do  not  create  any 
demand  response.  Under  this  assumption,  implied  spending  for  both  policies  is  presented 
at  the  top  panel  of  Table  3.7.  If  the  pharmaceutical  coverage  is  extended  for  the  poor,  it 
increases  health  care  budget  by  5.8  percent.  However,  extending  the  coverage  for  rural 
people  that  cover  both  rural  poor  and  the  non-poor  increases  the  overall  health  care 
budget  by  15.1  percent. 


Table  3.7      Annual  National  Estimates  for  Pharmaceutical  Spending 


Per  capita  payment 

Implied  National  Spending 

Percent  of  1996 

(tenge) 

(million  tenge) 

health  care 

budget 

A.  Without  Demand  Response 

Poor 

145 

2388.03 

5.76 

Non-poor 

745 

12289.95 

29.62 

Rural 

380 

6262.49 

15.10 

Urban 

507 

8352.31 

20.13 

Total 

887 

14622.88 

35.25 

B.  With  Demand  Response 

Poor 

193 

3176.07 

7.66 

Non-poor 

991 

16345.63 

39.40 

Rural 

505 

8329.11 

20.08 

Urban 

674 

11108.58 

26.78 

Total 

1179 

19448.44 

46.88 

*  Total  health  care  budget  as  provided  from  three  sources  (payroll,  national,  and  oblast  budget)  is  41.5 
billion  tenge  in  1996  (The  University  of  York  1998). 
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The  assumption  of  no  demand  response  after  any  government  subsidy  is  not  realistic. 
As  an  illustration,  I  examine  the  implications  to  government  spending  and  redistribution 
of  these  poHcies  while  incorporating  a  demand  response.  As  described  in  section  3.4,  the 
subsidy  programs  lead  to  a  33  percent  increase  in  pharmaceutical  use. 

The  bottom  panel  of  Table  3.7  presents  the  results  under  the  assumption  that  subsidy 
programs  increase  the  demand  for  pharmaceuticals.  Compared  with  the  previous 
scenario,  the  subsidy  programs  increase  the  health  care  budget  approximately  2- 
percentage  point  if  the  program  is  extended  only  for  the  poor  and  5-percentage  point  if 
people  in  rural  areas  are  covered.  If  the  free  coverage  is  extended  to  the  entire  population, 
this  increases  the  health  care  budget  by  47  percent. 

In  rural  areas,  people  pay  more  when  drugs  are  prescribed.  However,  the  nationwide 
per  capita  spending  is  significantly  lower  as  shown  in  Table  3.7.  The  reason  that  they  pay 
more  when  they  are  prescribed  is  either  due  to  higher  quantity  (severity  of  illnesses),  or 
higher  prices  (monopoly  pricing)  or  both.  If  the  main  reason  is  because  of  the  differences 
in  severity  of  illnesses,  then  one  would  expect  that  the  current  sample  is  systematically 
different  characteristics  compared  with  the  sample  of  people  who  do  not  seek  care  when 
they  are  sick.  The  test  for  selection  bias  rejects  this  scenario  for  the  whole  sample. 
Furthermore,  I  test  it  in  a  sample  of  people  from  rural  areas  only.  The  selection  bias  is 
also  rejected  in  this  sub-sample.  These  results,  therefore,  implies  that  higher  prices  or 
monopoly  pricing  rather  than  higher  quantity  is  the  driving  force  here.  Given  that  there 
are  fewer  outlets  in  rural  areas  after  privatization  of  pharmacies  and  deregulation  in 
pharmaceutical  industry  in  the  early  1 990s,  it  is  more  likely  that  pharmacies  may  charge 
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monopoly  prices  under  the  deregulated  regime.  Hence,  it  is  important  to  recognize  these 
issues  before  extending  free  pharmaceutical  coverage  in  rural  areas. 

■  3.8  Conclusion 

This  chapter  examines  the  recent  experience  of  out-of-pocket  spending  and  feasibility  of 
nationwide  free  coverage  of  prescribed  pharmaceuticals  for  different  population  groups. 
Although  the  poor  do  not  spend  more  in  absolute  terms,  they  spend  significantly  higher 
share  of  their  income  for  prescribed  pharmaceuticals.  Among  those  people  with  any 
prescription,  more  than  one  fourth  of  their  income  is  devoted  to  pharmaceutical  spending. 
A  subsidy  program  that  provides  a  free  access  to  prescription  drugs  increases  the  health 
care  budget  by  7.7  percent  if  the  program  includes  the  poor  from  both  rural  and  urban 
areas.  On  the  other  hand,  if  the  program  is  extended  for  all  rural  people,  this  leads  to  an 
increase  in  health  care  budget  by  20  percent. 

Extending  pharmaceutical  coverage  for  the  poor  and  people  in  rural  areas  is 
important  in  terms  of  equity.  However,  it  is  equally  important  that  the  possible  monopoly 
pricing  in  rural  areas  increases  the  burden  on  consumers.  A  new  policy  needs  to 
recognize  this  issue  and  should  consider  regulation  in  pharmaceutical  industry  in  order  to 
achieve  competition  among  pharmacies  especially  in  rural  areas. 

This  paper  sheds  light  on  one  of  the  important  health  care  financing  issues  in 
Kazakhstan.  However,  it  has  some  limitations  due  to  the  design  of  the  household  survey 
data  used  here.  Information  on  health  sector  and  utilization  of  services  are  very  limited. 
This  is  one  of  the  drawbacks  of  the  general  household  survey,  which  can  be  overcome 
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with  a  dedicated  survey.  Dedicated  surveys,  on  the  other  hand,  may  provide  extensive 
information  about  the  health  sector,  utilization,  and  nature  of  payment  for  services.  Since 
informal  payment  is  a  well-known  phenomenon  in  the  FSU  countries,  these  surveys 
provide  a  better  understanding  about  the  nature  of  the  payments  for  health  care  services. 
If  the  significant  share  of  out-of-pocket  spending  were  for  informal  payments,  then 
extending  coverage  would  not  decrease  the  burden  on  consumer  but  increase  the  burden 
on  national  health  care  budget.  Further  research  would  be  useful  in  analyzing  these 
unknown  issues  of  the  health  care  sector  in  Kazakhstan. 
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Appendix  3:  Supplementary  Table  to  Chapter  3 
Table  A3.1    Estimations  from  Alternative  Specifications   


(I)  G)  (V 


Coefficient 

t-ratio 

Coefficient 

t-ratio 

Coefficient 

t-ratio 

Socio-Demographic  Factors 

Age 

0.80 

0.01 

0.92 

0.01 

1.05 

-u.uuuz 

-1.88 

-0.0002 

-1.91 

-0.0002 

-1.98 

Rural 

ft 

2.39 

0.13 

1.30 

0.13 

1.28 

ft  11 

1.11 

0.10 

0.98 

0.11 

1.07 

ft  ftQ 

0.82 

0.23 

2.08 

0.21 

1.88 

Log  income 

0.20 

2.97 

0.20 

2.94 

Log  earnings 

0.15 

2.63 

-ft  40 

-1.85 

-0.35 

-1.58 

-0.35 

-1.59 

TTitp<itinp 

Xlil.V.'OLiil^ 

0  47 

2.53 

0.38 

2.31 

0.38 

2.32 

1.72 

0.24 

1.85 

0.24 

1.84 

2.48 

0.70 

3.13 

0.70 

3.13 

Injuries 

0.39 

1.28 

0.39 

1.30 

0.39 

1.31 

ft  04 

-0.11 

-0.01 

-0.02 

-0.01 

-0.02 

T  1  tl  fT^^fi  n  fT 

ijingenng 

ft  1  Q 

1.18 

0.17 

1.11 

0.17 

1.09 

Health  Status 

Bad  health 

0.54 

4.93 

0.44 

4.09 

0.43 

4.05 

Log  BMI 

0.15 

1.16 

0.13 

0.98 

0.12 

0.96 

Chronic 

0.18 

1.40 

0.22 

1.70 

0.22 

1.70 

Sick  member 

-0.14 

-2.81 

-0.14 

-2.84 

HH  head  sick 

-0.05 

-0.49 

Constant 

4.06 

6.29 

3.69 

4.69 

3.74 

4.76 

Observations 

534 

579 

579 

F-statistics 

4.94 

5.29 

5.04 

R  square 

0.12 

0.13 

0.13 
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